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ABSTRACT 
 
Production efficiency models (PEMs) have been developed to aid with the estimation of 
terrestrial ecosystems productivity where large spatial scales make direct measurement 
impractical. One of the key datasets used in these models is the fraction of 
photosynthetic active radiation absorbed by vegetation (FAPAR). FAPAR is the single 
variable that represents vegetation function and structure in these models and hence 
its accurate estimation is essential. This thesis focused on improving the estimation of 
FAPAR and developing a new PEM model that utilises the improved FAPAR data. 
Foremost, the accuracy of operational LAI/FAPAR products (i.e. MGVI, MODIS 
LAI/FAPAR, CYCLOPES LAI/FAPAR, GLOBCARBON LAI/FAPAR, and NN-MERIS LAI TOC 
algorithm) over a deciduous broadleaf forest was investigated. This analysis showed 
that the products varied in their prediction of in-situ FAPAR/LAI measurements mainly 
due to differences in their definition and derivation procedures. The performance of 
three PEMs (i.e. Carnegie-CASA, C-Fix and MOD17GPP) in simulating gross primary 
productivity (GPP) across various biomes was then analysed.  It was shown that 
structural differences in these models influenced their accuracy. Next, the influence of 
two FAPAR products (MODIS and CYCLOPES) on ecosystem productivity modelling was 
analysed. Both products were found to result in overestimation of in-situ GPP 
measurements. This was attributed to the lack of correction for PAR absorbed by the 
non-photosynthetic components of the canopy by the two products. Only PAR 
absorbed by chlorophyll in the leaves (FAPAR
chlorophyll) is used in photosynthesis and 
hence it was hypothesised that deriving and using this variable would improve GPP 
predictions. Therefore, various components of FAPAR (i.e. FAPAR
canopy, FAPAR
leaf and 
FAPAR
chlorophyll) were estimated using data from a radiative transfer model (PROSAIL-
2).The FAPAR components were then related to two sets of vegetation indices (i.e. 
broad-band: NDVI and EVI, and red-edge: MTCI and CIred-edge). The red-edge based 
indices were found to be more linearly related to FAPAR
chlorophyll than the broad-band 
indices. These findings were also supported by data from two flux tower sites, where 
the FAPAR
chlorophyll was estimated through inversion of net ecosystem exchange data and 
was found to be better related to a red-edge based index (i.e. MTCI).Based on these 
findings a new PEM (i.e. MTCIGPP) was developed to (i) use the MTCI as a surrogate of 
FAPAR
chlorophyll  and (ii)  incorporate  distinct quantum yield terms between the two key 
plant photosynthetic pathways (i.e. C
3 and C
4) rather than using species-specific light 
use efficiency. The GPP predictions from the MTCIGPP model had strong relationship 
with the in-situ GPP measurements. Furthermore, GPP from the MTCIGPP model were 
comparable to the MOD17GPP product and better in some biomes (e.g. croplands). The 
MTCIGPP model is simple and easy to implement, yet provides a reliable measure of 
terrestrial GPP and has the potential to estimate global terrestrial carbon flux.      
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Chapter 1: Introduction 
 
1.1. Background 
 
The global carbon balance in the atmosphere is the product of carbon exchange 
between the atmosphere and both the ocean and terrestrial ecosystems. In the natural 
state of ecosystems, the amount of carbon fluxes may vary from year to year but 
ultimately they are approximately in balance when averaged over long periods of time 
(Farquhar et al., 1993; Prentice et al., 2001). However, the addition of carbon dioxide 
into the global carbon cycle through human activities(e.g. burning of fossil fuels) has 
resulted in the perturbation of this natural global carbon cycle leading to an increment 
of atmospheric CO
2 from about 280ppm in 1750 (Keeling et al., 1996) to about 
380ppm in 2005 (IPCC, 2007). Since CO
2 acts as greenhouse gas in the atmosphere, its 
increase has been linked to an increase in the Earth’s mean temperature, a phenomena 
commonly referred to as global warming (IPCC, 2007). Therefore, knowledge of the 
carbon balance and its dynamics is of great importance in understanding climate 
change and its consequences. For example, uptake of CO
2 by terrestrial biosphere 
reduces the rate of atmospheric carbon build-up and the associated climate warming; 
conversely deforestation releases CO
2 into the atmosphere which may exacerbate the 
problem of global warming (Cramer et al., 1999; Houghton, 2003; IPCC, 2007). 
Furthermore, knowledge of the carbon balance is essential in improving the 
predictability of the Earth’s climate system and in initiating effective adaptation 
strategies to climate change. As such, better understanding of the terrestrial carbon 
cycle is currently an area of active research. 
 
More than one third of the CO
2 in the atmosphere is exchanged annually with the 
terrestrial ecosystems through processes of photosynthesis, plant respiration and 
heterotrophic respiration (Ciais et al., 1997). Quantifying this exchange of carbon in 
terrestrial ecosystems is crucial in understanding the global carbon balance and its 
dynamics. Furthermore, since the discovery of the so called “missing carbon sink” (i.e. 
part of CO
2 released by the anthropogenic activities that does not appear in the 
atmosphere and cannot be accounted for by ocean uptake), more effort is being put 
into understanding the role of terrestrial ecosystems in the global carbon cycle 
(Sarmiento and Sundquist, 1992; Schimel et al., 2001; Adams and Piovesan, 2002).  At 
local scales, the most prominent method of estimating terrestrial ecosystems carbon 
exchange is the use of data from eddy covariance measurements (Baldocchi et al., 
2001; Baldocchi 2003). While eddy covariance techniques have proven to be of great 
importance in estimating carbon flux at these scales (e.g. Lindroth et al., 1998; Booker Ouma Ogutu    Introduction 
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Valentini et al., 2000, Falge et al., 2002), their measurements are limited to the extent 
of the designated flux tower footprint. Furthermore, the spatial distribution of flux 
tower sites globally is limited making their use in quantifying carbon flux at 
continental to global scales impractical. To address these limitations, models to 
estimate carbon fluxes at continental to global scales have been developed (e.g. 
Running and Hunt., 1993; Ruimy et al., 1996; Running et al., 2000; Veroustraete et al., 
2002, 2006; Makela et al., 2008; King et al., 2011).  
 
The most widely used models in the estimation of carbon flux at regional to global  are 
the production efficiency models (PEM) (e.g. Ruimy et al., 1996; Running et al., 2000; 
Veroustraete et al., 2002, 2006; Makela et al., 2008; King et al., 2011). This is mainly 
because they are relatively easy to parameterise at regional to global scales using data 
from remote sensing platforms. However, the annual global carbon flux predicted by 
these models still vary greatly (e.g. from 44.4 to 66.3 Pg C per year) (Cramer et al., 
1999, 2001). These variations have been attributed partly to the inherent structural 
differences in the modelling approaches and partly to uncertainties in the input 
datasets (Cramer et al., 1999; Hilker et al, 2008). The uncertainties due to input 
datasets originate mainly from factors such as: (a) errors in land cover classification, 
(b) errors in climate data used in these models, (c) assumptions regarding the 
efficiency with which vegetation converts radiation into biomass (radiation use 
efficiency-RUE or Light use efficiency-LUE), and (d) errors in representing the amount of 
light captured and utilised by the plants during photosynthesis (Matsushita et al., 
2004; Jung et al., 2007; Hilker et al, 2008). The last source of uncertainty in the PEM 
models (i.e. the representation of the fraction of photosynthetic active radiation (PAR) 
absorbed by vegetation in the PEM models) is the main focus of this research.  
 
The productivity efficiency models (PEM) are based on the light use efficiency (LUE) 
concept devised by Monteith (1972, 1977) and Kumar and Monteith (1981). The 
concept suggests that gross primary productivity (GPP) is linearly related to the amount 
of absorbed photosynthetically active radiation (derived as a product of fraction of 
absorbed PAR, termed FAPAR, and incident PAR) and the efficiency of crop production 
that can be compressed into a single parameter (ɛ), which describes the efficiency by 
which absorbed radiation is converted into dry matter. The FAPAR plays a critical role 
in energy balance of ecosystems and in the estimation of the carbon balance over a 
range of temporal and spatial resolutions (Prince and Goward, 1995; Ruimy et al., 
1996; Myneni et al., 2002; Gobron et al., 2006). It is the variable that links plant 
physiological function to remote sensing data. In-situ measurement of FAPAR requires 
simultaneous measurement of PAR above and below a canopy as well as estimation of 
the canopy architecture information to account for the non-leaf absorptions (Prince and Booker Ouma Ogutu    Introduction 
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Goward, 1995; Ruimy et al., 1996; Gower et al., 1999; Gobron and Verstraete, 2009). 
This approach is often difficult to implement as it is time consuming and limited in its 
spatial representation. Therefore, FAPAR is usually inferred either from models 
describing the transfer of solar radiation in plant canopies, using satellite remote 
sensing data as constraints (Knyzihin et al., 1998; Myneni et al., 2002; Gobron et al., 
2006; Gobron and Verstraete, 2009) or through empirical relationships with vegetation 
indices and leaf area index (Prince and Goward, 1995; Gobron et al., 1997; Myneni et 
al., 2002; Deng et al., 2006). 
 
The existing approaches of estimating FAPAR either through radiative transfer 
modelling or empirical relationships do not partition the vegetation canopy into 
photosynthetically active vegetation (PAV) and non-photosynthetically active vegetation 
(NPAV) (Asner et al., 1998; Hanan et al., 1998; Hanan et al., 2002; Xiao et al., 2004; 
Zhang et al., 2005, 2009). However, it has been shown that NPAV can cause 
overestimation of FAPAR estimated from remote sensing measurements (e.g. Asner et 
al., 1998; Hanan et al. 1998; Zhang et al., 2005, 2009). For example, in forests with a 
leaf area index (LAI) less than 3, NPAV (e.g. stem) increases canopy FAPAR by 10-40% 
(Asner et al., 1998). This would influence the carbon exchange estimates derived by 
ecosystem productivity models that use such total canopy FAPAR values. Therefore, 
there is need to derive FAPAR captured by the photosynthetic active component of 
vegetation (i.e. the photosynthesising pigment in the leaves - Chlorophyll, termed 
FAPAR
chlorophyll). Only the fraction of PAR absorbed by photosynthetic components of the 
canopy is used in photosynthesis and hence should be included in the remote sensing 
based productivity models. The overall aim of this research is to present a means of 
calculating PAR absorbed by chlorophyll, relate this FAPAR
chlorophyll to vegetation indices 
and use the derived relationships to develop a new production efficiency model that 
can be used to quantify carbon exchange at continental to global scales.  
 
1.2. Objectives of this research 
 
The research was focussed on the following: 
 
1.  Evaluation of the accuracy of operational FAPAR and Leaf Area Index (LAI) 
products over a deciduous broadleaf forest site in order to quantify the 
disparity between these products and in-situ measurements 
 
2.  Assessing the influence of structural differences of three production efficiency 
models (i.e. Carnegie-CASA model, the C-Fix Model and MOD17 model) on their Booker Ouma Ogutu    Introduction 
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ability to predict gross primary productivity across various biomes in 
conterminous USA.  
 
3.  Analysing the influence of two operational FAPAR products (i.e. MODIS-FAPAR 
and CYCLOPES FAPAR) on ecosystem productivity modelling using the Carnegie-
CASA ecosystem productivity model. 
 
4.  Estimation of FAPAR absorbed by various components of the canopy (i.e. 
FAPAR
canopy, FAPAR
leaf and FAPAR
chlorophyll), then relating these components of FAPAR 
to selected vegetation indices so as to determine which of the indices can be 
used as a surrogate for FAPAR
chlorophyll in ecosystem productivity models and 
finally comparing the FAPAR
chlorophyll to two operational FAPAR products (i.e. 
MODIS and CYCLOPES FAPAR products) to determine their disparity in 
representing the fraction of PAR absorbed by canopy chlorophyll. 
 
5.  Developing and evaluating a new production efficiency model based on the 
relationship between the FAPAR
chlorophyll and one of the selected vegetation 
indices (i.e. the MERIS Terrestrial Chlorophyll Index - MTCI) and vegetation 
intrinsic photosynthetic quantum yield over various biomes in USA and Europe 
 
1.3. Chapter overview 
 
Chapter 2 reviews the literature on the global carbon cycle, the role of terrestrial 
ecosystems in the global carbon cycle, the gross primary productivity process in 
terrestrial ecosystems, methods of estimation of terrestrial ecosystems gross primary 
productivity, approaches of modelling terrestrial ecosystem productivity, and 
uncertainties in modelling terrestrial ecosystem productivity. 
 
Chapter 3 reports the analysis of the performance of operational LAI and FAPAR 
products (i.e. MODIS, CYCLOPES, GLOBCARBON, MERIS-MGVI, NN-MERIS products) in 
predicting LAI and FAPAR over a deciduous broadleaf forest in Southern England, UK. 
The aim of this chapter was to identify how the disparity in the definition and 
derivation approaches prescribed by the algorithms used to derive these products 
influence the accuracy of their predictions of LAI and FAPAR. 
 
Chapter 4 presents results of an investigation into the performance of three production 
efficiency models (i.e. Carnegie-CASA model, the C-Fix Model and MOD17 model) in 
predicting gross primary productivity across various biomes in conterminous USA. The Booker Ouma Ogutu    Introduction 
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aim of this chapter was to understand how the differences in the structural designs of 
the PEM models influence the gross primary productivity they predict for various 
biomes. 
 
Chapter 5 reports on the influence of two operational FAPAR products (i.e. MODIS 
FAPAR and CYCLOPES FAPAR) on GPP prediction by a production efficiency model (i.e. 
Carnegie-CASA model). The aim of this chapter is to highlight how the use of different 
datasets representing the same variable influences the output of a production 
efficiency model. 
 
Chapter 6 presents an attempt to derive the various components of FAPAR (i.e. 
FAPAR
canopy, FAPAR
leaf and FAPAR
chlorophyll) using a physically based radiative transfer model 
(i.e. PROSAIL-2 model). It also presents the derivation of FAPAR
chlorophyll using inversion 
approach exploiting data from two eddy covariance flux tower sites in USA. 
Additionally, the chapter presents empirical relationships between the components of 
FAPAR with selected vegetation indices. Finally, the chapter reports the comparison 
between the FAPAR
chlorophyll derived using the inversion approach with two operational 
FAPAR products (i.e. MODIS and CYCLOPES FAPAR products). The aim of this chapter 
was to investigate how the various components of FAPAR, particularly FAPAR
chlorophyll 
relates to vegetation indices and compare with the operational FAPAR products. This 
eventually leads to selection of one of the vegetation indices to be a surrogate for 
FAPAR
chlorophyll in ecosystem productivity modelling. 
 
Chapter 7 reports the development of a new production efficiency model based on 
information gained from the relationship between the various components of FAPAR 
with the evaluated vegetation indices (specifically the MERIS Terrestrial Chlorophyll 
Index-MTCI). The model utilizes the concept of the existence of distinct intrinsic 
quantum yields between C
3 and C
4 plants in parameterising the rate of conversion of 
absorbed photosynthetic active radiation into carbon. The FAPAR term in the model is 
derived either directly or as a function of the MTCI index. The output from this model 
is then evaluated using GPP data from various flux tower sites in USA and Europe. 
Furthermore, the new model’s output is compared with the operational MOD17 GPP 
product to gauge its performance against an operational GPP product.  
 
 Chapter 8 provides a synthesis of the research work and proposes some areas of 
possible future work on the subject. 
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Chapter 2: Literature Review 
 
2.1. Introduction 
 
The influence of terrestrial biosphere on the global carbon balance and hence the 
problem of timing and magnitude of possible climate change is well recognized (IPCC, 
2007). Uptake of CO
2 by terrestrial biosphere reduces the rate of atmospheric carbon 
build-up and the associated climate warming; conversely deforestation releases CO
2 
into the atmosphere thereby leading to increased concentrations and hence 
exacerbating the problem of global warming (Cramer et al., 1999; IPCC, 2007). 
Terrestrial ecosystems primary productivity is a key component of the carbon cycle. It 
represents the flux of carbon into ecosystems via photosynthetic assimilation and 
accounts for about one third of the CO
2 being exchanged between the atmosphere and 
terrestrial biosphere (Ciais et al., 1997). Quantifying this exchange is critical in 
understanding the global carbon cycle and its dynamics. This chapter presents a review 
of the global carbon cycle, the role of terrestrial ecosystem in this cycle and the 
methods of quantifying the terrestrial ecosystems productivity.  
 
2.2. The global carbon cycle 
 
The biogeochemical cycles that recycle elements between Earth’s interior, its 
sedimentary casing, the oceans and the atmosphere are vital for the continued 
functioning of Earth as a living planet. Of all these cycles, the carbon cycle is probably 
the most fundamental process, without which life could not exist (Houghton, 2003). 
Carbon, in the form of carbon dioxide (CO
2) represents the starting component of 
almost all food chains, while at the same time performing a complementary role as the 
Earth’s thermostat, providing a climate suitable for perpetuation of life (Houghton, 
2003). The carbon cycle represents the continual transformation of carbon from one 
form to another and its exchange within and between different reservoirs (i.e. the 
atmosphere, the terrestrial biosphere, the pedosphere and the oceans) (Prentice et al, 
2000; Fung, 2002; IPCC, 2007). Schematically, the global carbon cycle represents 
conversions between inorganic and organic forms of carbon; and the transport that 
distributes it within and among the different reservoirs (Figure. 2.1.) (IPCC, 2007; 
Fung, 2002).  
 
The global carbon cycle can be viewed as comprising of two interlinked cycles: a land 
based cycle and ocean based cycle. The land based carbon cycle is mainly driven by the Booker Ouma Ogutu    Literature Review 
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process of photosynthesis and respiration by higher plants. Terrestrial higher plants 
acquire CO
2 from the atmosphere by diffusion through tiny pores (stomata) to the sites 
of photosynthesis. The total amount of CO
2 that dissolves in leaf water amounts to 
about 270Pg C yr
-1 (Ciais et al., 1997). Most of this CO
2 diffuses out again without 
participating in photosynthesis (Prentice et al., 2000). The amount of CO
2 that is fixed 
from the atmosphere i.e. converted to carbohydrates during photosynthesis is about 
120Pg C yr
-1 (Figure 2.1) (Ciais et al., 1997; IPCC, 2007). This is the approximate value 
necessary to support plant growth, assuming that about half is incorporated into new 
plant tissues such as leaves, roots, and wood, and the other half is converted back to 
atmospheric CO
2 by autotrophic respiration (Lloyd and Farquhar, 1996). Both plant and 
animal respiration (including decomposition of dead biomass) returns carbon to the 
atmosphere as CO
2 or methane (CH
4) under anaerobic conditions and hence completing 
the land carbon cycle.  
 
The ocean based carbon cycle is mainly driven by the process of dissolution of carbon 
from the atmosphere into the oceans. This is possible due to the high solubility of CO
2 
and the manner in which it dissociates into ions upon interaction with sea water 
constituents (Prentice et al., 2000). The annual two-way gross exchange of CO
2 
between the atmosphere and ocean surface through molecular diffusion across the air-
sea interface is about 90Pg C yr
-1 (Figure 2.1) (IPCC, 2007). Net CO
2 transfer can occur 
whenever there is partial pressure difference of CO
2 across air-sea interface. Biological 
processes also drive seasonal and regional distribution of ocean CO
2 fluxes. The 
carbon uptake by ocean phytoplankton has been estimated to be about 103Pg C yr
-1 
(Antoine, et al., 1996). Part of this carbon is returned to the dissolved inorganic carbon 
(DIC) through autotrophic respiration, with the remainder (about 45Pg C yr
-1) being 
incorporated as new tissues for the phytoplankton (Field et al., 1998).  
 
In natural state, all the carbon fluxes described above may vary from year to year but 
ultimately they are approximately in balance when averaged over hundreds of years 
(Prentice et al., 2000). However, the addition of carbon dioxide into the global carbon 
cycle through human activities such as combustion of fossil fuels, cement production, 
and land use change which began around the year 1750 is known to have resulted in 
the perturbation of this natural global carbon cycle (IPCC, 2007, Houghton, 2003; 
Prentice et al, 2000; Fung, 2002). Prior to 1750, atmospheric concentration of carbon 
had largely been stable at between 260ppm and 280ppm (Keeling et al., 1996). 
However, since the beginning of industrial development, the concentration of CO
2 in 
the atmosphere has risen, first slowly and then progressively faster from around 
280ppm to nearly 380ppm in the year 2005 (IPCC, 2007).  
 Booker Ouma Ogutu    Literature Review 
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Since carbon in the form of carbon dioxide and methane are two of the most important 
greenhouse gasses, their increase due to these anthropogenic activities has been 
linked to an increase in the mean temperatures of the Earth, a phenomena commonly 
referred to as global warming (IPCC, 2007). This change in the Earth’s climate and its 
perceived detrimental consequences has led to a renewed interest in the complete 
understanding of the global carbon cycle. This complete understanding is even more 
crucial as the rate and extent of warming depend in part on the global carbon cycle 
itself. For example, if the rates at which oceans remove CO
2 from the atmosphere were 
faster, then the concentrations of atmospheric carbon would have increased slowly and 
if the process of removing carbon from the atmosphere and storing it on land by 
plants were to diminish, concentrations of CO
2 would increase more rapidly than recent 
projections (Houghton, 2003).  
 
 
Figure 2.1.The Global Carbon Cycle (Pg C), (Adopted from IPCC Report 2007) 
 
 
2.3. Terrestrial ecosystems as carbon sink  
 
Terrestrial ecosystems are an important dynamic component of the global carbon 
cycle. More than one third of the CO
2 in the atmosphere is exchanged annually with the 
terrestrial ecosystems by passage through stomata into leaves and solution in leaf 
water (Ciais et al., 1997). The carbon fluxes in the terrestrial ecosystem are mainly 
controlled by the processes of photosynthesis, plant respiration and heterotrophic Booker Ouma Ogutu    Literature Review 
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respiration. Since the discovery of the “missing carbon sink” (a part of CO
2 released by 
human activities that does not appear in the atmosphere and cannot be accounted for 
by ocean uptake) (Broecker et al., 1979), the role of terrestrial ecosystems in the global 
carbon cycle has received renewed attention and debate (Sarmiento and Sundquist, 
1992; Schimel et al., 2001; Adams and Piovesan, 2002; IPCC, 2007).  
 
Through records available from 1950’s, it is known that CO
2 concentration in the 
atmosphere has been increasing at around 0.5-3 ppm per year (Keeling et al., 1996). 
While it is has been shown that this increase is due to human activities (IPCC, 2007), it 
has also been shown that there is not a simple one-to-one relationship between the 
amount of carbon released by human activities, and the carbon that shows up in the 
atmosphere (Fung, 2000). A major proportion (around 50%) of the carbon released by 
human activities each year does not add to the atmosphere CO
2 concentration; in effect 
it goes ‘missing’. Several researchers (e.g. Ciais et al., 1997; Keeling et al., 1996) have 
suggested that the unidentified missing sink is mainly terrestrial and hence the need to 
clearly understand the role of terrestrial ecosystems in the global carbon cycle.  
 
Whereas some research undertaken by analysing land use change data suggested that 
terrestrial ecosystems were a global source of carbon (about 1.6Pg C yr
-1) (Houghton 
and Hackler, 1995); other studies which used atmospheric data, oceanic data and 
models identified terrestrial ecosystems as a carbon sink (about 2-3.4Pg C yr
-1) (Keeling 
et al., 1996). Despite this early inconsistency, evidence from atmospheric inversion 
studies (e.g. Ciais et al., 1997; Keeling et al., 1996), eddy covariance studies of forest 
ecosystems (Baldocchi et al., 2001, 2003), forest inventory data (Schulze et al., 2000) 
and terrestrial carbon flux modelling (Cramer et al., 2001) have all indicated that 
terrestrial ecosystems indeed act as a sink in the global carbon budget. Therefore, 
terrestrial ecosystems have now been accepted as carbon sinks rather than source. 
What remains uncertain is the spatial distribution and temporal variation of this sink/s 
(Lloyd, 1999). Some studies have suggested that the carbon sink/s are mostly 
concentrated in the northern hemisphere (e.g. Ciais et al., 1997; Keeling et al., 1996) 
while others have recognized the tropical regions as having a fundamental role in 
changing the carbon cycle and could be the potential location of the sink/s (Battle et 
al., 2000; Bousquet et al., 2000).   
 
A number of theories have been put forward to explain the mechanisms by which the 
terrestrial ecosystems play the role of carbon sink in the global carbon budget. The 
first of these is the forest re-growth theory (Schimel et al., 2001). It has been 
suggested that large areas of the northern temperate zones are regenerating from past 
clearance and over the past several decades forests have been re-colonizing Booker Ouma Ogutu    Literature Review 
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abandoned farmlands in parts of the northern hemisphere and hence leading to more 
carbon uptake by these terrestrial ecosystems (Schimel et al., 2001).  
 
The second theory suggests that increase in CO
2 in the atmosphere may lead to an 
increase in ecosystem productivity and hence more uptake of CO
2 from the atmosphere 
through photosynthesis (Lloyd and Farquhar, 1996). However, it has also been noted 
that this increase in productivity is not limitless and usually saturates (i.e. further 
increase in CO
2 does not lead to further increase in productivity) (Lloyd and Farquhar, 
1996).  
 
A third theory put forward is related to how vegetation responds to nitrogen 
fertilization. It has been suggested that industrialization, especially in the northern 
hemisphere, has led to deposition of nitrogen which in turn has made the ecosystems 
more productive hence absorbing more carbon from the atmosphere (Townsend et al., 
1996). These studies have suggested that large rates of carbon sequestration could be 
occurring in polluted areas of the northern hemisphere, due to high rates of nitrogen 
deposition, particularly in temperate forests in Central Europe and the Eastern United 
States.  
 
A fourth theory is based on the response of terrestrial ecosystems to climate change. 
In the recent past, there has been a significant increase in the average mean 
temperature as well as significant regional variation in precipitation (IPCC, 2007) which 
has been suggested could lead to a 50% increase in CO
2 uptake by terrestrial 
ecosystems (Dai and Fung, 1993). For example, in areas where temperature limits 
productivity, rise in temperature is expected to increase productivity and hence carbon 
uptake from the atmosphere (Dai and Fung, 1993).  
 
Since 1990s, the understanding of the role of terrestrial ecosystems in the global 
carbon cycle (especially in terms of how the pools and fluxes are affected by variations 
in climate, increases in atmospheric CO
2, and changed rates of atmospheric nitrogen 
deposition) has improved markedly. What remains as a challenge is to understand the 
nature and the distribution of these sinks. This is important especially if predictions 
are to be made on the future behaviour of the sinks (e.g. will these sinks saturate in 
time or reverse and start releasing carbon?). Additionally, if the missing sink/s are 
identified and understood, it might be possible to manipulate the system to encourage 
greater carbon uptake so as to minimize the effects of global warming resulting from 
anthropogenic release of CO
2 into the atmosphere (Adams and Piovesan, 2002). For 
greater understanding of the carbon exchange process and its dynamics, there is need Booker Ouma Ogutu    Literature Review 
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to improve the accuracy of models which are used to quantify and estimate terrestrial 
ecosystem productivity. 
 
 
2.4. Terrestrial Ecosystem Productivity 
 
Terrestrial ecosystem productivity can be defined simply as the production of organic 
matter through photosynthesis (Ciais et al., 1997; Prentice et al., 2000; Lambers et al., 
2006). The total amount of organic matter produced is often referred to as gross 
photosynthesis and when expressed as an integral of the organic matter produced by 
all the individual plants in a defined area per unit time, it is termed as gross primary 
production (GPP) (Prentice et al., 2000; Lambers et al., 2006). Gross primary 
productivity (GPP) therefore represents the flux of carbon into ecosystems through the 
process of photosynthesis (Lambers et al., 2006).  
 
2.4.1. Photosynthesis and primary productivity 
 
Approximately 40% of a plants dry matter consists of carbon, fixed by photosynthesis. 
The photosynthesis process involves two groups of reactions. The first group are the 
light harvesting reactions which transform light energy into temporary form of 
chemical energy. The second group are the carbon-fixing reactions which use the 
products of the light-harvesting reactions to convert CO
2 into sugars (Lambers et al., 
2006). In light, both groups of reactions occur simultaneously in the chloroplasts 
within leaves.  
 
During the light harvesting reactions, chlorophyll captures energy from visible light 
which is then converted to chemical energy (i.e. Nicotinamide Adenine Dinucleotide 
Phosphate- NADPH and Adenosine-triphosphate-ATP) and oxygen is produced as a 
waste (Lambers et al., 2006). The carbon-fixation reactions then use the chemical 
energy (ATP and NADPH) to reduce CO
2 into sugars.  
 
In photosynthetic terms, plants can be categorised as either having a C
3, C
4 or CAM 
photosynthetic pathway (Ehleringer et al., 1997). In the C
3 photosynthetic pathway, the 
reaction of a five-carbon sugar (ribulose-bisphosphate; RuBP) with CO
2 forms initial 
three-carbon sugars. The initial attachment of CO
2 to a carbon skeleton is catalysed by 
the enzyme ribulose-bisphosphate carboxylase-oxygenase (Rubisco). The rate of this 
reaction is generally limited by the products of light reaction and the concentration of 
CO
2 in the chloroplast.  
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In C
4 photosynthetic pathway, one more set of carbon-fixation reaction is added, 
usually to increase the plants photosynthetic water use efficiency especially in dry 
environments. In the C
4 pathway, phosphoenolpyruvate (PEP) is first carboxylated by 
PEP carboxylase in the mesophyll to produce four-carbon organic acids. These organic 
acids are then transported to specialised bundle sheath cells, where they are 
decarboxylated and the released CO
2 from the organic acids then enters the normal C
3 
photosynthetic pathway to produce sugars (Lamber et al., 2006).  
 
The CAM pathway is found in succulent plants in extremely dry environments. In the 
CAM photosynthetic pathway, plants close their stomata during the day, when high 
tissue temperatures and low relative humidity of the air would cause large 
transpiration water loss. At night these plants open their stomata to allow CO
2 into the 
leaf and are fixed by the PEP carboxylase. The resulting C
4 acids are stored until next 
day when they are decarboxylated, releasing CO
2 to be fixed through C
3 photosynthesis 
(Lambers et al., 2006). 
 
The sum of the sugar/carbohydrates output from photosynthesis is referred to as 
gross primary productivity (GPP).  The carbohydrates are used for growth (e.g. in trees 
adding biomass to its foliage, wood and roots), reserve, defence and reproduction 
(Chapin and Eviner, 2007). However, there is an upper limit to this growth which is set 
by the balance of assimilation and the rate of the reversed photosynthetic gas 
exchange, known as respiratory gas exchange, or just autotrophic respiration (Lambers 
et al., 2006). The difference between assimilation and plant respiration which is 
equivalent to the net plant growth, both above and below the ground, is known as the 
net primary productivity (NPP)(Chapin and Eviner, 2007; Lambers et al., 2006). 
Accordingly, NPP could be viewed as the net production of dry biomass over a certain 
period of time and for a certain area and is expressed as follows:  
 
    =     −    ……………………………         2.1  
 
Where GPP is the gross primary production and R
a is autotrophic respiration. 
 
Since the balance between respiration and assimilation constrains growth, the plant 
community will shed some of its biomass as litter in order to continue the formation of 
new tissues (Chapin and Eviner, 2007). The litter fall will be used by heterotrophs as a 
source of energy in the process referred to as decomposition. In this process of 
decomposition, heterotrophic organisms feed on dead plants and animal matter, 
thereby supplying themselves with oxygen and releasing CO
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heterotrophic respiration (R
h) to the autotrophic respiration gives the total respiration 
of the ecosystem (R
e) (Gower et al., 1999): 
 
   =    +    …………………………………………..         2.2 
 
 
When this ecosystem respiration is subtracted from GPP, the remainder gives the net 
amount of carbon assimilated by the ecosystem (or the net carbon release if 
respiration exceeds photosynthesis) and is referred to as the net ecosystem 
productivity (NEP) (Chapin et al., 2006).  
 
    =     −    ……………………………………..         2.3  
 
NEP can also be represented as net ecosystem exchange (NEE) which refers to the net 
CO
2 exchange with the atmosphere, that is, the vertical and lateral CO
2 flux from the 
ecosystem to the atmosphere usually measured using eddy covariance techniques 
(Baldocchi et al., 2001, 2003). The definition of ecosystem productivity in terms of NEP 
assumes that the only way in which carbon is lost to the atmosphere is through 
respiration. However, large amounts of carbon can be lost from an ecosystem through 
fire, harvest or other disturbances (Chapin et al., 2006). Therefore, to calculate the 
actual ecosystem productivity, these events should be taken into account. The 
subtraction of non-respiratory losses of carbon from NEP results in the actual amount 
of carbon that is taken up or released by the ecosystem and is referred to as net biome 
productivity (NBP) (Schulze et al., 2000). NBP is represented as follows: 
 
    =     −  …………………….……         2.4  
 
Where T represents the total amount of carbon lost through non-respiratory processes. 
It should be noted that the non-respiratory processes are isolated events and do not 
occur regularly and modelling them is more or less impossible and should therefore be 
regarded as a long-term adjusted measure of NEP (Schulze et al., 2000). 
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2.4.2. Factors influencing photosynthesis and primary production 
 
Photosynthesis process is sensitive to many controls including: light (photosynthetic 
active radiation-PAR), temperature, water availability, nutrient availability (e.g. 
Nitrogen), and CO
2 levels (Chapin and Eviner, 2007; Lambers et al., 2006).  
 
2.4.2.1. Effects of Light  
 
Plant leaves adjust their stomatal conductance and photosynthetic capacity to gain 
maximum carbon in different light environments. Leaf chloroplasts respond to changes 
in light availability by changing both the levels of metabolism, which influences the 
activity of photosynthetic enzymes and the stomatal conductance, which influences 
CO
2 supply and water loss (Chapin and Eviner, 2007; Lambers et al., 2006). Stomatal 
conductance increases in high light when CO
2 demand is high and decreases in low 
light when demand of CO
2 is low. At high irradiance, photosynthesis becomes light 
saturated, that is, it no longer responds to changes in light supply, due to finite 
capacity of light-harvesting reactions to capture light. As a result, light energy is 
converted less efficiently into sugars. In fact photosynthesis may decline at extremely 
high light as result of photo-oxidation of photosynthetic enzymes and destruction of 
pigments (Lambers et al., 2006). The effect of light on the leaves depend on the 
acclimation of those leaves. For example, leaves at the top of the canopy (sun leaves) 
have more cell layers, are thicker and therefore have high tolerance to high light than 
shade leaves (which have less cell layers and are less thick) (Chapin and Eviner, 2007; 
Lambers et al., 2006). In general, photosynthesis increases linearly with increasing 
irradiance until a light-saturation point where it level off and does not increase with 
subsequent increase in irradiance.  
 
2.4.2.2. CO
2 limitation 
 
The global concentration of atmospheric CO
2 is less variable from region to region 
(~4%) and hence rarely causes significant regional variation in photosynthesis.  
However, at leaf level, plants vary their stomatal conductance to minimize the effects 
of CO
2 supply on photosynthesis. The influence of CO
2 concentration in photosynthesis 
is mostly prominent in C
3 photosynthetic pathway. In this photosynthetic pathway, the 
concentration of intercellular CO
2 affects the rate of further assimilation of CO
2 into the 
leaf such that there is no net assimilation of CO
2 until the production of CO
2 in Booker Ouma Ogutu    Literature Review 
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respiration (mainly photorespiration) is fully compensated by the fixation of CO
2 in 
photosynthesis (Lambers et al., 2006). The point at which this is reached is referred to 
as the CO
2 compensation point. In C
3 plants this is largely determined by the kinetic 
properties of the Rubisco enzyme (Chapin and Eviner, 2007; Lambers et al., 2006).  
 
2.4.2.3. Water limitation 
 
The loss of water through transpiration when stomata opens to allow for 
photosynthesis may lead to a decrease in leaf relative water content (RWC), if the water 
from the roots does not match the loss from leaves (Lambers et al., 2006). Water stress 
is often associated with high light because sunny conditions correlate with low 
precipitation (low water supply) and with low humidity (high rate of water loss). When 
water supply is abundant, leaves typically open their stomata in response to high light 
irrespective of the high water loss through transpiration, whereas when water supply is 
limited, the leaves reduce their stomata opening in order to reduce water loss. This 
reduction of stomatal opening reduces photosynthetic rate and the efficiency of light 
use to fix carbon to below levels found in non-water stressed plants (Chapin and 
Eviner, 2007). Plants which are adapted to dry environments reduce their 
photosynthetic capacity towards a level that matches the low stomata conductance that 
is necessary to conserve water (Chapin and Eviner, 2007; Lambers et al., 2006).  
 
2.4.2.4. Temperature effects 
 
Temperature has a major effect on the reactions catalysed by enzymes such as the 
process of photosynthesis. At low temperatures, photosynthesis is limited directly by 
temperatures as the chemical reactions involved in photosynthesis cannot take place at 
below optimum temperatures (Chapin and Eviner, 2007; Lambers et al., 2006). At high 
temperatures photosynthesis also declines due to increased photorespiration and in 
extreme temperatures, enzyme inactivation and destruction of photosynthetic 
pigments occurs (Lambers et al., 2006). The carbon fixation reactions controlled by 
enzymes are more sensitive to low temperatures than the biophysically controlled 
light-harvesting reactions. Therefore, carbon fixation reactions limit photosynthesis at 
low temperatures. Plants have various adaptations to deal with suboptimal 
temperatures. For example, plants found in cold climates have leaves high in nitrogen 
and photosynthetic enzymes which enable carboxylation to keep pace with energy 
supply from light-harvesting reactions (Ehleringer et al., 1997). In hot climates some 
plants such as the CAM photosynthetic pathway plants only open their stomata at night 
to minimize loss of water through transpiration due to high temperatures (Lambers et Booker Ouma Ogutu    Literature Review 
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al., 2006). In general, most plants show an optimum temperature for photosynthesis 
close to their normal growth temperature. Below this optimum, enzymatic reaction 
rates are temperature limited and at high temperatures the oxygenating reaction of 
Rubisco increases more than the carboxylation reaction resulting in photorespiration 
which inhibits photosynthesis (Lambers et al., 2006).  
 
2.4.2.4. Nutrient Limitation 
 
The main nutrient controlling photosynthesis capacity is nitrogen availability. 
Photosynthetic capacity increases linearly with increase in leaf nitrogen concentration. 
This relationship is much stronger in C
4 plants than C
3 plants (Lambers et al., 2006). 
Therefore, plants in high nitrogen soils have higher tissue nitrogen concentrations and 
photosynthetic rates than do the same species growing in low nitrogen fertile soils. In 
general, inadequate supply of nitrogen leads to a decrease in the biochemical 
determinants of photosynthetic capacity and stomatal conductance hence reducing 
photosynthetic rates (Lambers et al., 2006).  Other nutrients useful in plant 
productivity include: phosphorous, magnesium, potassium, calcium and sulphur.  
 
 2.5. Approaches of Quantifying Terrestrial Ecosystem 
Productivity 
 
Since the main focus of this thesis is on above-ground terrestrial ecosystem 
productivity, only methods of estimating this component of ecosystem productivity is 
discussed. Descriptions of methods of estimating below-ground productivity can be 
found in Gower et al., (1999) and Vogt et al., (1998). The methods of estimating 
above-ground ecosystem productivity can be broadly categorised into direct and 
indirect methods.  
 
2.5.1. Direct methods of estimating terrestrial ecosystem 
productivity  
 
The direct measurements of ecosystem productivity (mainly net ecosystem 
productivity-NPP) are based on the definition of NPP as representing the total new 
organic matter produced during a specified time interval (Gower et al., 1999). The two 
most commonly used direct methods of estimating above-ground productivity are the 
area harvest and allometric methods (Gower et al., 1999) 
 Booker Ouma Ogutu    Literature Review 
  17   
The area harvest approach entails periodic destructive sampling during the growing 
season of all above-ground live tissue in randomly located plots. The harvested organic 
matter is dried (or sub-sampled and dried) and statistically significant increments, or 
production, of organic matter are summed to estimate net primary productivity (NPP) 
(Gower et al, 1999). This approach is mostly suitable for short-stature ecosystems (e.g. 
grasslands and agricultural crops). The approach is unsuitable for almost all forests 
because the annual production of organic matter is small relative to the spatial 
variability of standing organic matter. Furthermore, it is a very laborious exercise and 
would be impractical to implement in forest ecosystems (Gower et al., 1999).  
 
Allometry is the relationship between the mass, a part (e.g. stem) or all of an organism 
and an independent variable (Gower et al., 1999). The dependent variable is indirectly 
estimated because it is difficult or often laborious to measure. Allometric equations are 
often expressed as follows (Gower et al., 1999):  
 
       =      …………………..………..         2.5  
 
Where M
D or A is dry mass or area respectively, of a plant part, D is stem diameter, 
usually at breast height (DBH), and a, and b are regression coefficients. D is usually 
measured at the breast height (1.37m) for trees or at the soil surface for small plants 
(e.g. shrubs).  
 
Once the allometric equation is established for a particular vegetation type, estimation 
of NPP involves establishing permanent plots in randomly selected locations of a 
representative stand, recording the diameter of each tree or shrub in the plot, and 
using the increment radial measurement together with the allometric equations to 
estimate the annual production of organic matter for each component (Gower et al., 
1999).  
 
The implementation of the direct methods for estimating above ground NPP is often 
limited. This is mainly because they are labour intensive and difficult to implement at 
regional to global spatial scales. Furthermore, the methods are species and ecosystem 
specific (especially the allometric methods) and therefore are not readily transferable 
to other species or ecosystems.  As such, a number of indirect methods for estimating 
NPP have been developed. 
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2.5.2. Indirect methods of estimating terrestrial ecosystem 
productivity  
 
Two approaches are commonly employed to indirectly estimate terrestrial ecosystem 
productivity. The first approach involves measuring gaseous exchange at specific sites 
(e.g. through the use of eddy covariance techniques, Baldocchi et al., 2001, 2003) and 
then deriving productivity estimates from these measurements. The second approach 
often involves the use of models to predict ecosystem productivity of biomes (e.g. 
Leith, 1975; Parton et al, 1993; Esser et al., 1994; Running and Hunt 1993; Running et 
al., 2000; Sitch et al., 2003;  Makela et al., 2008; King et al., 2011).  
 
2.5.2.1. The eddy covariance approach 
 
The eddy covariance technique measures the exchange rate of carbon dioxide (CO
2) at 
the interface between the atmosphere and a plant canopy by measuring the covariance 
between fluctuations in vertical wind velocity and CO
2 mixing ratio (Baldocchi et al., 
2001, 2003). The method is based on the assertion that the atmosphere contains 
turbulent motions of upward and downward moving air that transport gases such as 
CO
2.  Therefore, the eddy covariance technique samples these turbulent motions to 
determine the net difference of gases (i.e. CO
2) moving across the canopy-atmosphere 
interface. The determination of the net differences in the trace gases (i.e. CO
2) is 
accomplished through the use of statistical analysis of the instantaneous vertical mass 
flux density (Baldocchi et al., 2001; Baldocchi, 2003).This analysis produces a 
relationship which expresses the mean flux density of CO
2 averaged over a time span 
(e.g. an hour) as the covariance between fluctuations in vertical velocity and the CO
2 
mixing ratio (Baldocchi et al., 2001, 2003). Ultimately the eddy covariance approach 
uses a conservation equation to deduce the exchange of carbon in and out of the 
plant-soil system on the basis of eddy covariance measurements made in the surface 
boundary layer above the plant canopy (Baldocchi et al., 2001, 2003).  
 
The eddy covariance approach has proved popular in estimating carbon exchange of 
biomes. Its popularity has been attributed to four key factors (Baldocchi et al., 2001, 
2003). Firstly, its measurements are at appropriate scales (usually ecosystem levels) 
thereby providing users with a means of assessing net CO
2 exchange at ecosystem 
levels. Secondly, the method produces direct measurement of net carbon exchange 
between the canopy-atmosphere interfaces. Thirdly, the area sampled by the technique 
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researchers to compare data from these measurements with data from other sources 
such as remote sensing. Finally, the technique is capable of measuring CO
2 exchange 
across a continuum of timescales, ranging from hours to years which allows for 
availability of data to monitor seasonal and interannual variations in CO
2 exchange. 
The success of the eddy covariance approach has led to a number of flux tower sites 
being set up in various parts of the world with the most prominent sites being the 
consortium of AMERIFLUX tower sites (http://public.ornl.gov/ameriflux) and 
CARBOEUROPE flux sites (http://www.carboeurope.org/). Data from these sites have 
been used to parameterise and validate a number of ecosystem productivity models 
(e.g. Xiao et al., 2004; Verstraten et al., 2006; Makela et al., 2008; King et al., 2011).  
 
Even though the eddy covariance technique has proved successful in estimating 
ecosystems CO
2 exchange at local scales, it only accounts for carbon fluxes within the 
designated flux tower footprint. Furthermore, the distribution of flux tower sites 
globally is limited making their use in quantifying carbon flux at continental to global 
scales impractical.  
 
2.5.2.2. Modelling approach 
 
A number of terrestrial ecosystem productivity models have been developed over the 
past two to three decades to aid with the quantification of terrestrial ecosystems 
productivity at regional to global scales. The models generally aim to investigate many 
different aspects of terrestrial carbon cycle, including changing vegetation 
distributions and land carbon sinks (Adams et al., 2004). These models have proved to 
be useful tools for estimating terrestrial ecosystem productivity for large areas which 
cannot be quantified using field-based measurements. Detailed description of these 
models is provided in the following section.  
 
 
2.6. Modelling terrestrial ecosystem productivity 
 
At regional to global scales, gross primary production (GPP), net primary production 
(NPP) and heterotrophic respiration and their geographical and seasonal variation 
cannot be measured directly. Therefore, the values of these parameters are usually 
derived using modelling techniques. A number of terrestrial ecosystem productivity 
models have been developed over the past two to three decades for this purpose. At 
the core of most of these models is the GPP/NPP sub-model which is used to simulate 
terrestrial ecosystem productivity. The GPP/NPP sub-models range from simple Booker Ouma Ogutu    Literature Review 
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regressions between climatic variables and one or more estimates of the biospheric 
trace gas fluxes to quasi-mechanistic models that simulate the biophysical and 
ecophysiological processes (Cramer et al., 1999).   
 
Structurally, the ecosystem productivity models can be classified as either being 
biogeographical or biogeochemical (Adams et al., 2004). The biogeographical models 
use a gridded map of climate variables to determine which of a number of plant types 
could be present in that grid cell. Biomes or ecosystems are then defined as particular 
combinations of these plant types. These models are based on the potential 
equilibrium vegetation and hence do not simulate any biochemical processes of the 
vegetation (Adams et al., 2004). The biogeochemical models on the other hand 
assume constant distribution of vegetation and simulate biochemical processes such 
as photosynthesis and respiration according to local climate (Adams et al., 2004). 
Apart from the structural classifications of ecosystem productivity models; other 
classification methods have been proposed. Cramer et al (1999) classified these 
models based on whether they use a prescribed seasonal behaviour of light 
interception by canopy and/ or a prescribed vegetation distribution. Three classes can 
be identified in this type of classification: biogeochemical flux models, process-pattern 
based models, and remote sensing based models. Figure 2.2 shows an evolution of 
examples of models in the three categories.  Table 2.1 gives a summary of key 
features of models from the three categories that are discussed in subsequent sections 
of this chapter.  
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Table 2.1.Examples and features of a select group of ecosystem productivity 
models discussed in the literature review under each model category    
Model  Model 
type 
Temporal 
resolution 
Key  model formulation  Reference 
MIAMI   *BGM  1 year  NPP= f(Temp, Ppt)  Leith, 1975 
HRBM   *BGM  1 month  NPP = f(Temp, Prec, AET/PET, CO2 Fert.)  Esser et al., 
1994 
CENTURY  *BGM  1 month  NPP= f(VegC, Dead_M, Temp, SW, Prec, 
PET, N, P, S) 
Parton et al, 
1993 
BIOME-BGC  *BGM  1 day  GPP= f(Srad, LAI, Temp, SW, VPD,CO2, 
LeafN) 
 Running and 
Hunt, 1993  
TEM 4.0   *PM  1 month  GPP = f(Srad, Kleaf, Temp, AET/PET, CO
2, 
N)  
McGuire et 
al., 1995 
BIOME3  *PM  1 month  GPP= f(Srad, LAI, Temp, AET/PET,CO
2)   Haxeltine and 
Prentice,1996 
LPJ-DGVM  *PM  1 day  GPP= f(Srad, FPAR, Temp, AET/PET)   Sitch et al., 
2003 
CASA   *PEM  1 month  NPP= f(Srad, FPAR, Temp, AET/PET, LUE)  Potter et al 
1993 
C-Fix   *PEM  1 day  GPP = f(Temp, CO
2fert., FAPAR, Srad, RUE)  Veroustraete 
et al., 2002, 
Verstraten et 
al.,  2006 
GLO-PEM   *PEM  10 days  GPP = f(Srad, FPAR, Temp, SW, VPD)   Prince& 
Goward, 
1995; Cao et 
al, 2004 
TURC  *PEM  1 month  GPP = f(Srad, FPAR)   Ruimy et al., 
1996 
MOD17   *PEM  8 days  GPP = f(PAR,FAPAR,Temp, VPD, LUE)  Running et 
al., 2000 
*BGM = Biogeochemical flux model; *PM = Process model, *PEM = Production efficiency 
models
 
 
2.6.1. Biogeochemical flux models 
 
The biogeochemical flux models assume a constant distribution of vegetation, in the 
form of plant types or biomes.  They simulate the biogeochemical fluxes on the basis 
of soil and climate characteristics, using either vegetation maps or biogeography 
models to prescribe vegetation structure (Cramer et al., 1999). These models simulate Booker Ouma Ogutu    Literature Review 
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biochemical processes such as photosynthesis and respiration either implicitly or 
explicitly according to the local climate (Adams et al., 2004). Models using the implicit 
formulation calculate NPP from climate variables without ever formulating functions for 
photosynthesis and respiration. This is commonly done by modifying a maximum or 
benchmark NPP by factors accounting for temperature response, water stress and 
carbon dioxide fertilization. Models using explicit formulation on the other hand use 
functions driven by plant biochemistry (Adams et al., 2004). In this case, rates for each 
component of the photosynthesis-respiration-growth process are calculated according 
to local environment, usually described by temperature, atmospheric carbon dioxide, 
photosynthetically active radiation and soil water or precipitation. The NPP for the 
system is then given by combining these components.   
 
Biogeochemical models can be used to predict changes in vegetation density and 
productivity under climate change. However, they are unable to predict any change in 
either the transient or equilibrium vegetation distribution (Adams et al., 2004). The 
level of sophistication of these models vary from the largely empirical regression 
models (e.g. High Resolution Biosphere Model-HRBM, Esser et al., 1994) to explicitly 
mechanistic models which include photosynthesis and respiration (e.g. BIOME-
BioGeochemical Cycle (BIOME-BGC) model, Running and Hunt,1993). Descriptions of 
examples of biogeochemical models are provided below. 
 
2.6.1.1. The MIAMI Model 
 
The MIAMI model developed by Leith (1975) is an empirical model considered to be the 
first global vegetation/NPP model. The model uses an empirical regression to relate 
annual NPP to the annual average temperature and precipitation without any 
accounting for solar radiation or atmospheric CO
2 concentration. It can be thought of 
as a biogeographical model with implicit plant types (i.e. plant types are not 
distinguished but are implicitly included in the derivation of the correlation functions). 
The MIAMI model has been shown to give reasonable estimates of current NPP rates 
(Adams et al., 2004). However, predictions of future NPP made using this model may 
be misleading since it assumes that implicit vegetation distributions will immediately 
adjust to changes in climate which is not usually the case (Adams et al., 2004). Beer et 
al., (2011) used the MIAMI model to analyse the global distribution of gross carbon 
dioxide uptake and reported that it overestimated gross primary productivity when 
compared with other models especially in sparsely vegetated areas with strong 
seasonality such as savanna and shrublands.  
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2.6.1.2. HRBM Model 
 
The High Resolution Biosphere Model (HRBM) developed by Esser et al., (1994) can be 
considered to be an upgraded version of the MIAMI model (Cramer et al., 1999). It was 
developed to investigate the carbon balance of terrestrial biosphere, the impacts of 
rising atmospheric CO
2 and of climate change. In this model, the biospheric carbon 
pools are balanced by the carbon fluxes which are functions of the driving variables 
and are computed using sub-models. One of the sub-models is the NPP sub-model 
which deals with the estimation of ecosystem productivity. In this sub-model, the total 
flux of NPP is calculated as an annually integrated two dimensional array. The first 
array in the model is the phytomass productivity of the potential natural vegetation 
which is calculated in a similar manner as the original MIAMI model (Leith, 1975). In 
the second array, the results of the phytomass productivity derived from the MIAMI 
model is then consecutively modified by several correction factors. These correction 
factors include: the influence of soil found in the respective grids, a relative 
agricultural NPP factor (defined as the ratio between agricultural NPP and natural NPP 
within a year), a CO
2 fertilization effect (calculated from the actual atmospheric CO
2 
concentration and the soil fertility and only applied to the natural vegetation grids), an 
actual evapotranspiration function derived from Bucket model, a share factor (i.e. how 
much each plant type contribute to the productivity) which depends on the vegetation 
units (herb and woody plants above ground and below ground productivity) in a grid, 
and a 0.45 constant which translates the carbon content result from the HRBM model 
into dry weight. The HRBM model has been used to successfully simulate GPP of 
various ecosystems (e.g. Meyer et al., 1999; Cramer et al. 1999).  
 
2.6.1.3. CENTURY Model 
 
The Century model is a biogeochemical model based on relationships between climate, 
human environment, human management (fire, grazing), soil properties, plant 
productivity and decomposition (Parton et al, 1993). It incorporates simplified 
representations of key processes relating to carbon assimilation and turnover, based 
on existing models. The Century model simulates the dynamics of carbon, nitrogen, 
phosphorous, and sulphur for different plant-soil systems (Parton et al, 1993).  The 
model uses monthly time steps for simulations of up to several thousand years to 
examine the flows of carbon, nitrogen and phosphorus.  
 
The CENTURY model has several components. These include: the decomposition and 
soil organic matter, biophysical, nitrogen, and plant production components. The soil Booker Ouma Ogutu    Literature Review 
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organic matter and nutrient component represent the flow of carbon (C), nitrogen (N), 
phosphorus (P) and sulphur(S) in the plant litter and different organic and inorganic 
soil pools, with mineralisation of soil nutrients primarily resulting from turnover of soil 
organic pools. The plant production component calculates plant production and 
allocation of nutrients to live above-ground and below-ground compartments as a 
function of climate factors and available soil nutrients (Parton et al., 1993). The 
biophysical/soil water and temperature component, is a simplified water budget model 
which calculates monthly evaporation and transpiration water loss, water content of 
the soil layers, snow water content and saturated flow of water between soil layers.  
 
The major input variables for Century model include: 1) monthly precipitation, 2) 
monthly average maximum and minimum air temperature, 3) soil texture, 4) lignin, N, 
S and P content of plant material and 5) soil and atmospheric N inputs. The 
performance of the CENTURY model was evaluated in the comprehensive model inter-
comparison exercise (Cramer et al., 1999) and it was found to produce productivity 
estimates which are within the range of other ecosystem productivity models.  
 
2.6.1.4. BIOME-BGC Model 
 
The biome biogeochemical cycles model (BIOME-BGC) developed by Running and Hunt 
(1993) is a model driven by routinely available daily climate data (i.e. maximum and 
minimum air temperature, and precipitation) and the definition of several key climate, 
vegetation, soil, and site conditions to estimate fluxes of carbon, nitrogen, and water 
through ecosystems.  
 
The model has several component cycles which include: hydrology, carbon, and 
nitrogen cycles. For the hydrology cycle, the BIOME-BGC model works by routing daily 
precipitation (after removing a portion for canopy evaporation) to a soil water pool with 
a depth that is a function of the plant rooting depth. Any water passing below this 
depth in the soil profile is assumed to contribute to stream outflow. Daily soil water 
potential is calculated from soil water content (Running and Hunt, 1993).  
 
The allocation of carbon and nitrogen in the BIOME-BGC model is done at a biome-
dependent time step which ranges from daily to annually. Allocation to roots and 
shoots is controlled by the relative balance of uptake of carbon (through 
photosynthesis) and nitrogen (through root uptake). Excess C relative to N favours 
allocation of resources to acquiring N through additional root growth whereas excess 
N relative to C favours allocation of resources to acquiring C through additional leaf 
growth (Running and Hunt, 1993).  Booker Ouma Ogutu    Literature Review 
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The model calculates growth respiration as a constant proportion of C allocated. 
Turnover of plant biomass is controlled by phenology and the balance between 
maintenance respiration and photosynthesis. If photosynthesis exceeds maintenance 
respiration requirements, then C and N are allocated for growth whereas if 
maintenance respiration requirements exceed photosynthesis, then C and N must 
turnover from plant biomass until the maintenance respiration requirements are met 
(Running and Hunt, 1993). The model routes turnover of leaf, fine root, and woody C 
and N to the litter pool, where decomposition occurs and C is released through 
respiration at a rate controlled by the litter pool C: N, temperature and water 
constraints (Running and Hunt, 1993). Leaf and fine root litter are routed into a "fast", 
and woody litter to "slow" decomposition pools. After decomposing for a specified 
number of years (which is biome-specific) any remaining litter C and/or N is passed to 
the soil pool. Turnover of the soil pool is much slower and is controlled by a user-
definable maximum annual turnover rate, temperature, and water constraints. Finally, 
respiration / turnover of the litter and soil pools control the availability of nitrogen in 
soils and consequent N uptake by plants. The uptake of N is controlled by a biome-
dependent maximum root uptake rate, water, temperature, and soil fertility (Running 
and Hunt, 1993). Several studies have used the BIOME-BGC model to successfully 
characterise the productivity of various ecosystems (e.g. White et al., 2002; Jung et al., 
2007, 2008; Chiesi et al., 2011).  
 
2.6.2. Process based models 
 
The models in this category simulate both biogeochemical (fluxes) and ecosystem 
structure (vegetation type, distribution and phenology) simultaneously. The 
determination of vegetation types is done through a process of optimization rules 
(maximization of the NPP according to soils and climate, or maximization of the leaf 
area index (LAI) to satisfy the annual moisture and carbon balances) (Cramer et al., 
1999). Generally, these models assume equilibrium between climate and vegetation. 
However, some of these models can also assume non-equilibrium status and are 
termed as being dynamical global vegetation models (DGVMs) (Cramer et al., 1999).  In 
their operation, the process based models are fed meteorological parameters including 
temperature, incident radiation, and precipitation; information on site and stand 
including albedo, soil characteristics, and water content. Other parameters fed to these 
models include: biological parameters such as turnover rates, leaf area, carbon and 
nitrogen concentrations; which are used for simulating the eco-physiological processes 
of the ecosystem, including the biogeochemical cycles (Running and Hunt, 1993).  
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A process based model therefore has the ability to output the individual respiration 
rates, productivity and net ecosystem productivity. Most of these models rely on large 
and detailed data input and their accuracy and resolution (both spatial and temporal) 
are dependent on the properties of the input data. As a consequence, most of the 
process-based models are often restricted to limited geographic area (Chiesi et al., 
2005). Furthermore, obtaining accurate values of the required input parameters at a 
scale sufficient enough to represent the spatial and temporal variations of different 
environments is difficult, especially if the aim is to output data at regional or even 
larger scales.  
 
The DGVMs are slightly different from other process models mainly because they do 
not assume equilibrium between vegetation and climate (Cremer et al., 1999). The key 
features of DGVMs are that they are able to predict transient changes in vegetation 
structure and function, including land use changes and consequent changes in direct 
and indirect carbon feedbacks to the atmosphere over time and space (Cremer et al., 
1999). Furthermore, they could predict the variables that link the land surface to the 
atmosphere while being responsive to the changes predicted by the global circulation 
models (Peng, 2000). Most DGVMs simulate plant growth, resulting from the 
assimilation of carbon through photosynthesis minus the respiration of the plants in a 
similar fashion to the biogeochemical models. Examples of a select process models are 
discussed below. 
 
2.6.2.1. The TEM 4.0 Model 
 
The Terrestrial Ecosystem Model (TEM version 4) is a process-based ecosystem model 
that describes carbon and nitrogen dynamics of plant and soils for non-wetland 
ecosystems of the globe (McGuire et al. 1995). The TEM uses spatially referenced 
information on climate, elevation, soils, vegetation and water availability as well as soil- 
and vegetation-specific parameters to make monthly estimates of important carbon 
and nitrogen fluxes and pool sizes. Carbon enters the vegetation pool as gross primary 
productivity (GPP) and transfers to the soil pool as litter and then leaves the soil in the 
decomposition process of heterotrophic respiration. Nitrogen inputs from outside the 
ecosystem enter the inorganic N pool and losses leave the pool. Hydrological inputs for 
TEM are determined by the water balance model developed by Vorosmarty et al. 
(1989). In the TEM model, annual primary production (NPP) is calculated as the 
difference between carbon captured from the atmosphere as gross primary production 
(GPP) and carbon respired to the atmosphere by the vegetation. GPP is calculated as a 
function of light availability, air temperature, atmospheric CO
2 concentration, moisture 
availability and nitrogen supply (McGuire et al. 1995). Elevated CO
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direct or indirect effect on GPP. A direct consequence of elevated atmospheric CO
2 is to 
increase GPP of the model whereas an indirect effect may be altering the carbon-
nitrogen status of the vegetation to increase effort towards nitrogen uptake (McGuire 
et al. 1995). TEM operates on a monthly time step and at a 0.5 degrees 
latitude/longitude spatial resolution. The TEM model has been implemented in several 
studies to predict ecosystem productivity (e.g. Cramer et al., 1999; Chen et al., 2011). 
Furthermore, the TEM model participated in the comprehensive model inter-
comparison undertaken by Cramer et al., (1999) and was found to produce results 
comparable to other ecosystem productivity models.  
 
2.6.2.2. BIOME3 
 
BIOME3 developed by Haxeltine and Prentice (1996) is a biogeographical-
biogeochemical hybrid model which simulates vegetation distribution and 
biogeochemistry and couples vegetation directly to biogeochemistry. The model’s 
inputs include latitude, soil texture class, and monthly climate (temperature, 
precipitation, and sunshine) data on a 0.5° grid. The model works by first selecting  
from a global set of plant functional types (PFTs) the subset which may potentially be 
present in a particular grid cell on the basis of a small number of ecophysiological 
constraints (e.g. absolute minimum temperature tolerance by plants).  Using a coupled 
carbon and water flux model and an optimization algorithm, BIOME3 then calculates 
the maximum sustainable leaf area index (LAI) and net primary productivity (NPP) for 
each PFT (Haxeltine and Prentice, 1996).  
 
Gross primary production (GPP) or photosynthesis is calculated as a function of 
absorbed photosynthetically active radiation (APAR), temperature, atmospheric CO
2 
concentration, day length, and canopy conductance and is based on an optimized 
version of the Farquhar photosynthesis equation (Farquhar et al., 1982). The 
calculation of photosynthesis are made for an averaged midmonth day and multiplied 
by the number of days in the month. The limiting factors for GPP include drought 
stress and low temperatures. Respiration in BIOME3 is calculated with a semi-
mechanistic model which partitions whole plant respiration costs into leaf respiration, 
transport tissue respiration; fine root respiration and growth respiration (Haxeltine and 
Prentice, 1996).The model simulates competition among PFTs by using the optimal 
NPP of each PFT as an index of competitiveness.  BIOME3 model outputs consists of a 
quantitative vegetation state description in terms of the dominant PFT, secondary PFT 
present, and total LAI and NPP for the ecosystem. The BIOME3 model was part of the 
comprehensive model inter-comparison by Cramer et al., (1999). It was reported to 
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models. Several studies (e.g. Ni et al., 2000; Hallgren and Pitman, 2000) have applied 
the BIOME3 model in predicting productivity of various ecosystems.  
 
2.6.2.3. LPJ-DGVM 
 
Lund-Postdam-Jena (LPJ) dynamic global vegetation model developed by Sitch et al., 
(2003) is a dynamic global simulation model of vegetation biogeography, and 
vegetation and soil biogeochemistry. The model computes spatially explicit transient 
vegetation composition in terms of plant functional types and their associated carbon 
and water budgets in a dynamical way (Sitch et al., 2003). LPJ-DGVM is a descendant of 
the BIOME family of models (Haxeltine and Prentice, 1996) and some of its workings 
are closely related to those of BIOME models. In LPJ-DGVM, vegetation in each of the 
grid cell is described in terms of fractional coverage of populations of different plant 
functional types (PFTs). The model defines ten PFTs, that is, eight woody PFTs (two 
tropical, three temperate, three boreal) and two herbaceous PFTs which are 
distinguished based on their physiological, morphological, phenological, bioclimatic, 
and fire-response attributes (Sitch et al., 2003). In addition to the attributes controlling 
physiology and dynamics, each PFT is assigned bioclimatic limits which determine 
whether it can survive and/or regenerate under the prevailing conditions in a grid cell 
at a particular time of simulation (Sitch et al., 2003). In the model, the year to year 
fractional cover of PFTs in a grid cell is also controlled by resource competition and 
differential response to fire by the PFTs. 
 
The simulation in any grid cell of LPJ-DGVM is driven by input of monthly climatology, 
soil type and atmospheric CO
2 concentration, from which daily evapotranspiration and 
monthly soil temperatures are derived (Sitch et al., 2003). Resource competition and 
differential response to fire between PFTs influences their relative fractional cover from 
year to year.  The LPJ-DGVM calculates GPP for each PFT population by applying the 
coupled photosynthesis and water balance scheme similar to the one applied in 
BIOME3 model (Haxeltine and Prentice, 1996). Photosynthesis, evapotranspiration and 
soil water dynamics are modelled on a daily time step, while vegetation structure and 
PFT population densities are updated annually. The model uses the fraction of 
absorbed photosynthetically active radiation (FAPAR), daily leaf phenological status and 
climate data to calculate GPP. The calculation is performed for the middle day of the 
month and daily values derived by interpolating these values (Sitch et al., 2003). 
Maintenance respiration in the model is calculated each simulation day based on the 
size of the living tissue, their assigned C: N ratios and climate data. Growth respiration 
(i.e. the cost of producing new tissues) is taken as a fraction of net primary production 
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PFT (Sitch et al., 2003). After subtracting the reproduction cost, the remaining 
photosynthate is allocated to the C-compartments (leaf, fine root, sapwood and 
heartwood). Tissue pools are also updated annually to account for tissues 
senescence/turnover with carbon entering the litter pool (Sitch et al., 2003). Litter and 
soil organic matter decomposition in the model are driven by seasonal temperatures 
and soil moisture status.  
 
In the LPJ-DGVM, population densities are updated annually based on mortality and 
establishment. Mortality is described as a reduction in population density at the end of 
each simulation year resulting from either light competition, low growth efficiency, 
negative annual carbon balance (NPP), heat stress or exceeding of PFT’s bioclimatic 
limits. Annual establishment is a product of the PFT-specific potential establishment 
rate and the fraction of grid cell currently devoid of woody vegetation, that is, areas 
sufficiently illuminated to allow sapling growth (Sitch et al., 2003). Whether a particular 
PFT can establish also depend on available moisture and bioclimatic limits. The LPJ-
DGVM model has been used by several researchers (e.g. Jung et al., 2007, 2008; Wang 
et al., 2011) to study ecosystem carbon uptake in various regions.  
 
 
2.6.3. Remote sensing based models (Production Efficiency Models-
PEM) 
 
The biogeochemical and process based models are usually weakly parameterised due 
to lack of adequate data at appropriate spatial and temporal scales. The advent of 
satellite remote sensing has led to new efforts of modelling ecosystem productivity 
based on data gathered by satellites. The majority of the remote sensing data driven 
models are based on the light use efficiency (LUE) concept devised by Monteith (1972, 
1977) and Kumar and Monteith (1981). The concept suggests that GPP is linearly 
related to the amount of absorbed photosynthetically active radiation (APAR; derived as 
a product of fraction of absorbed PAR - FAPAR and incident PAR) and the efficiency of 
crop production that can be compressed into a single parameter (ɛ-epsilon), which 
describes the efficiency by which absorbed radiation is converted into dry matter. This 
concept has been expanded and used to derive productivity for other plant functional 
types (e.g. Potter et al., 1993; Running et al., 2004; Xiao et al., 2004; Veroustraete et 
al., 2002, Verstraten et al., 2006; Makela et al., 2008; King et al., 2011).The models 
based on this principle are generally referred to as the light use efficiency (LUE) or 
epsilon (ε) models or production efficiency models (PEM’s). In general, all PEMs employ 
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calculating GPP (Equation 2.6) and then subtracting autotrophic respiration (Ra) 
(Equation 2.7) to derive NPP.  
 
    =     ×       ×     ×         ………….         2.6 
 
 
    =     −   …………………………………….         2.7 
 
Where: 
 
GPP = Gross primary productivity (g C m
2) 
 
PAR = Photosynthetically active radiation (400-700nm) (MJ m
2) 
 
FAPAR = Fraction of absorbed photosynthetic active radiation (dimensionless) 
 
LUE = Light use efficiency (g C MJ
-1) 
 
Scalars = Temperature, Vapour pressure deficit (VPD), Precipitation  
 
NPP = Net primary production (g C m
2) 
 
R
a = Autotrophic respiration (g C m
2) 
 
A number of production efficiency models have been developed (e.g. Potter et al 1993; 
Veroustraete et al., 2002, Verstraten et al., 2006; Running et al., 2000; Sims et al., 
2006; King et al., 2011). Examples of a selection of remote sensing based models (i.e. 
PEM’s) and the datasets used to parameterise them are highlighted below. 
 
2.6.3.1. Examples of the PEM Models  
 
2.6.3.1.1. The CASA Model 
 
Carnegie-Ames-Stanford Approach (CASA) model developed by Potter et al (1993) is a 
numerical model of monthly fluxes of water, carbon and nitrogen in terrestrial 
ecosystems. CASA calculates the seasonal flow of carbon between the atmosphere and 
the terrestrial biosphere on a monthly time interval. The model is composed of sub-Booker Ouma Ogutu    Literature Review 
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models which simulate its required parameters. The soil moisture sub-model simulates 
the coupled plant production and soil microbial respiration components. The soil 
component sub-model simulates carbon and nitrogen cycling using a set of 
compartmental difference equations with a structure comparable to the CENTURY 
model (Parton et al., 1993). The NPP sub-model component is based on the concept of 
light use efficiency explored by Monteith (1972, 1977). The global datasets used as 
input to the model include vegetation indices (e.g. Normalised Difference Vegetation 
Index-NDVI), solar radiation, climate data, vegetation type (physiognomic 
classification), soil type and texture, soil carbon and nitrogen contents, and ratios such 
as leaf: root: wood C and N allocation ratios, litter and soil organic matter 
decomposition rates and C assimilation efficiency of microbes (Potter et al., 1993). In 
the CASA model, the LUE is set uniformly at 0.39g C MJ
-1 PAR, a value that derives from 
calibration of predicted annual NPP to previous field estimates (Potter et al., 1993).  
 
The main strength of the CASA model is its ability to use remote sensing data to 
calculate net primary production (NPP) and carbon turnover mechanistically through a 
CENTURY-like plant and soil carbon cycling model (Potter et al., 2001). CASA is the 
only model that does not separately calculate GPP. Instead it models NPP directly, thus 
avoiding the need to calculate autotrophic respiration. Studies have shown that GPP 
can be derived by doubling the CASA NPP output (e.g. Waring et al., 1998; Wang et al., 
2011). The CASA model participated in the model inter-comparison exercise 
undertaken by Cramer et al (1999) and was reported to predict ecosystem productivity 
comparable to other production efficiency models. Additional studies (e.g. Ichii et al., 
2010; Wang et al., 2011) have successfully used the CASA model to characterise 
ecosystem productivity in varying ecosystems.  
 
2.6.3.1.2. The C-Fix Model 
 
C-Fix model is a remote sensing data-driven carbon balance model based on the 
production efficiency principle (Veroustraete et al., 2002; Verstraten et al., 2006). It 
estimates carbon mass fluxes from local to global scales by first mapping the progress 
of the “greenness” (the NDVI) and not the “amount” of the vegetation directly inferred 
from space observations and secondly by estimating FAPAR based on a generalised 
FAPAR/NDVI relationship (Myneni and Williams, 1994). The model further incorporates 
temperature and incoming global radiation in its calculation of the mass fluxes 
(Veroustraete et al., 2002; Verstraten et al., 2006). In the model, carbon assimilation is 
the result of photosynthesis and respiration which themselves are functions of 
radiation use efficiency, the FAPAR and autotrophic and heterotrophic respiration 
(Equation 2.8) (Veroustraete et al., 2002; Verstraten et al., 2006). For a given point Booker Ouma Ogutu    Literature Review 
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location/pixel, the model uses Equation 2.8 to estimate types of fluxes (in g Cm
-2day
-1) 
on a daily basis. 
  
     = [         ∗         ∗ ɛ ∗       ∗   ∗   ,  ] ∗  1 −     −   ,  ……..         2.8  
 
The first term in the equation [ ] represents the gross uptake of carbon through 
photosynthesis (i.e. GPP
d). To get NPPd, the model multiplies the GPP
d with the second 
term (i.e. 1-A
d) in Equation 2.8, hence taking into account autototrophic respiration 
(GPP
d*A
d). A
d is defined as an autotrophic respiratory fraction of GPP
d. The daily net 
ecosystem production (NEP
d) is the balance of daily gross uptake of carbon by 
photosynthesis (GPP) reduced by the amount due to autotrophic respiration loss and 
further reduced by soil respiration flux originating from heterotrophic decomposition 
of soil organic matter (i.e. the last term in the equation; R
hd) (Veroustraete et al., 2002, 
2006). In the model the radiation use efficiency (RUE) is set equal to 1.10 g C MJ 
-1 PAR. 
This is reduced by the normalised temperature dependency factor and the normalised 
CO
2 fertilization factor. In the C-Fix model, the autotrophic respiration reduction factor 
is modelled as a simple linear function of daily mean atmospheric air temperature. The 
dependency of maintenance respiration on the amount of living biomass is neglected 
in the model (Veroustraete et al., 2002; Verstraten et al., 2006; McCallum et al., 2009). 
The FAPAR term used in the model is calculated following the generalised FAPAR/NDVI 
relationship described by Myneni and Williams (1994) (Equation 2.9).   
 
      =   ∗      +  ………………………         2.9 
 
Where a and b are empirical constants equal to 0.8642 and -0.0814 (Myneni and 
Williams, 1994).  
 
 In the newer version of the C-Fix model (Verstraten et al., 2006), the influence of 
water limitation is implemented. It makes use of evaporative fraction and soil moisture 
content at the gross primary production level as well as at the level of soil 
heterotrophic respiration to estimate water limited net ecosystem productivity 
(Verstraten et al., 2006). C-Fix model has been used in several studies (e.g. Verstraten 
et al., 2006; Chiesi et al., 2007; Coops et al., 2009) to predict productivity of various 
biomes. 
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2.6.3.1. 3. GLO-PEM Model  
 
The Global Production Efficiency Model (GLO-PEM) consists of linked components that 
describe the process of canopy radiation absorption, utilization, autotrophic 
respiration, and the regulation of these processes by environmental factors (Prince and 
Goward, 1995; Cao et al, 2004). The GLO-PEM model was designed to run with both 
biological and environmental variables derived entirely from satellite data except in 
distinguishing between C
3 and C
4 vegetation. GLO-PEM estimates LUE rather than 
prescribing values based on limited field observations and the LUE is reduced by 
environmental factors that control stomata conductance i.e. air temperature, vapour 
pressure deficit and soil moisture (Prince and Goward, 1995; Cao et al., 2004). In the 
model, autotrophic respiration is modelled in two parts, that is, maintenance 
respiration is modelled using a semi-empirical relationship as a function of vegetation, 
biomass, air temperature and photosynthetic rate, while growth respiration is kept as a 
constant(i.e. 0.25) of GPP. The model does not consider below ground biomass. GLO-
PEM model has been made operational and GPP output from it are produced at 8km 
spatial resolution using AVHRR images and are archived at the Global Land Cover 
Facility (http://www.glcf.umd.edu/data/glopem/). 
 
2.6.3.1.4. TURC 
 
Terrestrial Uptake and Release of Carbon (TURC) model developed by Ruimy et al., 
(1996) is a diagnostic model for the estimation of continental gross primary 
productivity (GPP) and net primary productivity (NPP). This model uses remotely sensed 
vegetation index to estimate the fraction of solar radiation absorbed by canopies, and 
an original parameterization of the relationship between absorbed solar radiation and 
GPP, based on measurements of CO
2 fluxes above plant canopies (Ruimy et al., 1996). 
The TURC model tries to compute both GPP and NPP from analytical models without 
calibrating any processes, especially the autotrophic respiration (Ruimy et al., 1996). 
NPP in TURC model is simulated based on Monteith’s light use efficiency model 
(Monteith, 1972). To calculate GPP, the TURC model uses an efficiency-type model 
(similar to that used to calculate NPP). It relates GPP to absorbed solar radiation using 
various parameters such as photosynthetic efficiency, absorption efficiency, and ratio 
of absorbed radiation to incident solar radiation (Ruimy et al., 1996). TURC model’s 
input data include: solar radiation, vegetation index (NDVI), temperature, and biomass. 
The TURC model participated in the model inter-comparison exercise undertaken by 
Cramer et al., (1999) and its output was comparable with other PEM models. Lafont et Booker Ouma Ogutu    Literature Review 
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al., (2002) used the TURC model to successfully characterise the spatial and temporal 
variability of CO
2 fluxes over Eurasia.  
 
2.6.3.1.5. MOD17 Model 
 
The MOD17 GPP/NPP model is based on the light use efficiency concept and uses data 
acquired by the Moderate Resolution Imaging Spectroradiometer (MODIS) sensor 
(Running et al., 2000). The GPP is estimated for each 1km
2 grid cell for each day of the 
year by first determining the absorbed photosynthetically active radiation (APAR). The 
incident PAR and FAPAR are used to determine APAR. Their product is multiplied by a 
light use efficiency parameter (ε
g) (g C MJ
-1) to get daily GPP. FAPAR for each 1 km
2 grid 
cell is based on the spectral reflectance detected by the MODIS sensor (Myneni et al., 
2002).The daily ε
g is based on a biome-specific maximum (ε
gmax) derived from a look-up 
table and modified by scalars (0-1) associated with a daily minimum air temperature 
and vapour pressure deficit (VPD) (Running et al., 2000). The model assumes constant 
maximum light use efficiency within each of the 12 biomes used. The model uses a 
minimum temperature scalar which reduces the conversion efficiency when cold 
temperatures limit plant production. The VPD scalar reduces the maximum LUE when 
VPD is high enough to inhibit photosynthesis. The PAR, temperature and VPD data are 
derived from the Global Modelling and Assimilation Office (GMAO) climate model run 
at 1° latitude and 1.25° longitude spatial resolution (Turner et al., 2003). The GPP is 
calculated as a product of APAR and ɛ. The MOD17 model is described in full in 
Running et al., (2000). Below is a summary of its formulation. 
 
    =↓     ∗       ∗ ɛ   1 ∗  2 ………………         2.10 
 
Where: 
GPP = gross primary production (g C m
-2 d
-1) 
↓PAR is from GMAO climate model (MJ d
-1) 
FAPAR is from MODIS reflectances (0-1) 
εg is Maximum LUE for GPP from BLUT (gC MJ
-1) 
S1 is a Minimum Temperature Scalar from GMAO (0-1) 
S2 is a VPD Scalar from GMAO (0-1) 
 
The MOD17 model is an operational product generating GPP at 8-day temporal 
resolution and at 1km spatial resolution. As such, it has been used in several studies 
both as reference data to compare other models with and as a tool to estimate Booker Ouma Ogutu    Literature Review 
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ecosystem productivity (e.g. Turner et al., 2003, 2006; Zhao et al., 2005; Nightingale 
et al., 2007).  
 
2.6.3.2. Input datasets for the PEM models  
 
2.6.3.2.1. Photosynthetically Active Radiation (PAR) 
 
Photosynthetically active radiation (PAR) is the solar radiation reaching the canopy in 
the wavelength region of visible light (0.4 – 0.7µm). It is typically derived from 
meteorological datasets and also from satellite products (Dye and Shibasaki, 1995). 
Early estimates of PAR were obtained from networks of surface pyranometers (Dye and 
Shibasaki, 1995), allowing long-term time series from well maintained and calibrated 
instruments. These datasets are however insufficient for global modelling since 
estimates of PAR are restricted to few observations (Dye and Shibasaki, 1995). Since 
the launch of multispectral satellite sensors, numerous methods have been developed 
to infer PAR at large spatial scales from top of atmosphere solar radiance using optical 
modelling (Pinker and Laszlo, 1991). In these models, PAR is often described as the 
fraction of the reflected shortwave radiation (Pinker and Laszlo, 1991). Results from 
these models have been deemed sufficient for most biological applications. An 
example of models that derive PAR from remote sensing data is the State University of 
New York (SUNY) model (Perez et al., 2009) which uses data from NOAA’s 
geostationary weather satellite GOES 8 to derive surface irradiance. The model uses 
both the cloud index and clear sky models in its derivation of PAR from the satellite 
datasets. At global level PAR is comprised of roughly equal amounts of direct (clear 
sky) and diffuse (i.e. influenced by clouds and aerosols) radiation, while at regional 
level large difference occur (McCallum et al., 2009). Even though the atmospheric 
interactions of solar radiation are well understood, a standardized product providing 
regular observations of PAR is not currently available.  
 
2.6.3.2.2. Fraction of Absorbed Photosynthetically Active Radiation (FAPAR) 
 
FAPAR is defined as the fraction of incident photosynthetically active radiation (PAR) 
that is absorbed by a canopy, which usually includes over-story and sometimes 
understory and ground cover (Huemmrich et al., 2005). It is an important component 
of ecosystem productivity as it gives an idea of how much energy is available to the 
plants to drive photosynthesis. The direct measurement of FAPAR in the field can be 
challenging, especially in heterogeneous canopies such as forests. Therefore, FAPAR is Booker Ouma Ogutu    Literature Review 
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usually a derived quantity rather than directly measured one. For direct estimation of 
FAPAR, data is acquired on the total absorbed photosynthetically active radiation (PAR) 
by a canopy which is given by the following equation (Huemmrich et al., 2005): 
 
     =     +    −    −    …………………………         2.11 
 
Where Q
in is the incident PAR flux, Q
b is the PAR reflected into the canopy from the soil 
background (frequently Q
b is small and is set to zero in calculation of FAPAR, Asner, 
1998 ), Q
t is the PAR transmitted through the canopy, and Q
r is the above canopy 
reflected PAR. Data on these parameters is usually acquired using pyranometer 
instruments such as the ACCUPAR Decagon Ceptometer (Decagon Devices, Pullman, 
USA), LAI-2000 Plant Canopy Analyser (LI-COR Biosciences, Lincoln, Nebraska, USA), 
and TRAC device (3
rd Wave Engineering, Ontario, Canada). 
 
To determine FAPAR, APAR is normalized using the incident PAR:  
 
      =  
    
   
  =  
    +    −    −   
   
 ……..         2.12 
 
 
As mentioned earlier the direct method of estimating FAPAR is limited to specific sites 
and cannot be undertaken in large spatial scales. Satellite remote sensing offers a 
means of inferring FAPAR at regional to global scales. The approaches used to derive 
FAPAR from remote sensing data can be divided into empirical approaches ( primarily 
relying on curve fitting of reflectance measurements) and physical approaches (which 
attempt to model the relationship between leaf, canopy and stand level biophysical 
characteristics and reflected and emitted radiation) (Myneni and Williams, 1994).  
 
The empirical approaches are based on spectral vegetation indices and leaf area index 
measurements. Numerous studies have shown evidence of a close relationship 
between FAPAR and top of canopy reflectance measurements in the visible and near 
infrared region (e.g. Myneni and Williams, 1994; Asner et al., 1998). A number of linear 
and non-linear relationships have been found between satellite derived vegetation 
indices (e.g. the Normalised Difference Vegetation Index-NDVI) and FAPAR for different 
vegetation types and climatic conditions (e.g. Myneni and Williams, 1994; Fassnacht et 
al., 1994). Other studies have calculated FAPAR as a function of leaf area index and a 
light extinction coefficient (k) (e.g. Turner et al., 2000; Jung et al., 2007). Even though 
there is enough evidence for the relationship between vegetation indices, LAI and Booker Ouma Ogutu    Literature Review 
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FAPAR (Myneni and Williams, 1994), a direct conversion of spectral reflectance to 
surface FAPAR over large areas is difficult due to the fact that empirical relationships 
are site and sensor specific and are generally unsuitable to be transferred to other 
larger areas (Huemmrich and Goward, 1997). The empirical relationships are also 
influenced by pixel heterogeneity, background reflectance, solar zenith and view angle, 
vegetation shadow fractions, atmospheric scattering and bidirectional reflectance 
effects (Myneni and Williams, 1994).  
 
The physical based models approaches of estimating FAPAR from satellite remote 
sensing data are based on principles of radiative transfer equations that attempt to 
explain in detail the manner in which incoming radiation interacts with vegetation 
canopies (Knyazikhin et al., 1998; Myneni et al., 2002; Gobron et al., 2002; Baret et 
al., 2007; Plummer et al., 2007).  In this approach the inversion of a vegetation 
reflectance model is used to estimate FAPAR of the canopy, provided sufficient 
information can be obtained from the combined remote sensing and ancillary data 
(Knyazikhin et al., 1998; Myneni et al., 2002; Gobron et al., 2002; Baret et al., 2007; 
Plummer et al., 2007).  
 
The inversion process involves adjusting model parameters until the model reflectance 
best matches satellite sensor derived reflectance (Knyazikhin et al., 1998; Myneni et 
al., 2002; Gobron et al., 2002; Baret et al., 2007; Plummer et al., 2007).  This is 
usually achieved numerically by minimising the difference between measured canopy 
reflectance samples and modelled values using an optimisation routine/equation 
(Gobron et al., 2002).The model’s parameters either depend on physical properties 
directly (i.e. canopy structure and vegetation type) or can be obtained from 
mathematical inversion of reflectance measurements (Knyazikhin et al., 1998; Myneni 
et al., 2002; Gobron et al., 2002; Baret et al., 2007; Plummer et al., 2007). The use of 
mathematical inversion allows for the estimation of both leaf and canopy parameters in 
a predictive mode, thereby overcoming the need for parameterisation required for the 
use of regressive semi-empirical models (Privette et al., 1996; Gobron et al., 2002). 
The models that use mathematical inversions have proved valuable in retrieving FAPAR 
from satellite data and several studies have been done using this approach for crops 
and forested environments (e.g. Knyazikhin et al., 1998; Myneni et al., 2002; Gobron 
et al., 2002; Baret et al., 2007; Plummer et al., 2007).  
 
Even though the inversion approaches are a robust way to access canopy structural 
information using remote sensing data, they are limited by the potential lack of 
reflectance information needed to successfully execute the inversion (Asner et al., 
1998). Furthermore, the accuracy of FAPAR retrievals is dependent on the model Booker Ouma Ogutu    Literature Review 
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employed, the type and quality of remote sensing data and the inversion procedure 
used. A number of FAPAR products are currently being derived from the data acquired 
by various satellite based earth observation sensors. These FAPAR products include: 
the MODIS FAPAR product (Knyazikhin et al., 1998; Myneni et al., 2002), CYCLOPES 
FAPAR product (Baret et al., 2007), GLOBCARBON FAPAR product (Plummer et al., 
2007), and the MERIS-MGVI FAPAR product (Gobron et al., 1999; Gobron et al., 2002).  
 
2.6.3.2.3. Light Use Efficiency (LUE) 
 
Light use efficiency (LUE) is typically defined as the ratio between accumulated biomass 
and PAR. It is sometimes referred to as radiation use efficiency (RUE), a similar ratio 
but based on total solar radiation intercepted (Monteith, 1972; Monteith and Moss, 
1977; Kumar and Monteith, 1981; McCallum et al., 2009).  LUE can be defined as 
measured on the basis of gross production, net production, environmentally stressed 
or hypothetically unstressed (i.e. maximum) production. There is however a lack of 
universal agreement on how to estimate LUE. Sometimes the numerator is given as 
either NPP(total or above-ground) or GPP, while the denominator is given as either 
intercepted or absorbed total shortwave or PAR (McCallum et al., 2009).  
 
In general a number of approaches have been developed to infer LUE. These methods 
can be classified into either indirect techniques (i.e. techniques seeking to determine 
LUE from environmental stresses) or direct approaches (i.e. techniques trying to predict 
LUE by measuring changes in leaf spectral reflectance resulting from photoprotection 
and chlorophyll fluorescence) (Zarco-Tejada et al., 2000; McCallum et al., 2009). The 
stress factors driving LUE are many but the most commonly investigated include: 
water, nitrogen and temperature. A combination of these stress factors are used to 
adjust a maximum value of LUE to determine the efficiency by which vegetation will 
transform PAR into biomass (Running et al., 2000, 2004; Veroustraete et al., 2002, 
McCallum et al., 2009). Most production efficiency models (PEMs) (e.g. MOD17 model, 
Running et al., 2000, Running et al., 2004; CASA model, Potter et al 1993; C-Fix 
Model, Veroustraete et al., 2002; GLO-PEM model, Prince and Goward, 1995; Cao et al, 
2004) use this approach in determining LUE in their calculation of gross primary 
productivity. For example, the MOD17 GPP model (Running et al., 2000, Running et al., 
2004) sets a maximum LUE which is then influenced by environmental stress 
parameters. The MOD17 algorithm derives its realised LUE from a look-up-table 
containing biome specific maximum LUE (ε
max) which is then drawn-down by daily 
minimum temperature (T
min) and vapour/atmospheric saturation deficit (VPD).  
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The direct methods of estimating LUE involve the measurement of changes in leaf 
spectral reflectance from photoprotection and chlorophyll fluorescence. The use of 
photoprotection to determine LUE is based on an empirical relationship that has been 
found to exist between LUE and the photochemical reflectance index (PRI) (i.e. an 
estimate of the changes in leaf spectral reflectance at the leaf level) (Gamon and 
Surfus, 1999). However, up-scaling of these relationships to canopy, regional and 
global scales remain challenging (Hilker et al, 2008). The chlorophyll fluorescence 
method involves detecting how much solar induced leaf fluorescence occurs which is 
then equated to LUE (Zarco-Tajeda et al., 2000). The direct methods of estimating LUE 
are not well developed and hence most of the LUE based models use the stress based 
indirect methods of estimating LUE in their parameterisation.  
 
2.6.3.2.4. Scalars 
 
The scalars used in the PEM’s represent environmental constraints and are typically 
meteorologically derived variables that serve to reduce the LUE value at a specific time 
and location due to predicted plant stress. For example, high vapour pressure deficits 
(VPDs) have been shown to induce stomata closure in many species while low 
temperatures inhibit photosynthesis (Lambers et al., 2006; Hilker et al., 2008). 
Depending on the PEM, scalars such as temperature, soil moisture, and VPD are used 
to regulate the maximum LUE values.  
 
 
2.7. Uncertainties in ecosystem productivity modelling and 
the research context 
 
Even though numerous global models for estimating terrestrial ecosystem productivity 
have been developed, analysis of the output from these models has often been found 
to vary significantly (e.g. Cramer et al., 1999; Turner et al., 2006; Heinsch et al., 2006; 
Nightingale et al., 2007). In the most comprehensive model inter-comparison exercise 
it was reported that the global NPP estimates from a number of models ranged from 
approximately 39.9 – 80.5 PgCyr
-1 (Cramer et al., 1999). Generally, these disparities 
result from uncertainties due to differences in the initial model conditions, model 
parameters, model structures, and quality of data inputs (Heinsch et al., 2006; Zhao et 
al., 2006; Jung et al., 2007; Wang et al., 2011).  
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The initial model conditions, that is, the design phase of the model, requires a good 
understanding of the functioning of the ecosystem being modelled (Littell, et al., 
2011). Inadequate representation of the ecosystem function may affect a models 
performance negatively. Most of the processes underlying ecosystem productivity are 
now well understood. The main limitation to modelling these processes is the 
impracticability of representing all the processes in the models (Littell, et al., 2011). 
Therefore, different ecosystem productivity models use different simplifying 
assumptions and as such, different environmental variables.  
 
The second source of uncertainty (i.e. model parameters) depends on the formulation 
and assumptions of the models. These parameters (e.g. the light use efficiency (LUE) 
term in the production efficiency models-PEM models) are often derived from local 
measurements and then extrapolated to represent the functioning of entire biomes or 
ecosystems (e.g. Monteith, 1972, Monteith and Moss, 1977; Kumar and Monteith, 
1981, Collatz et al., 1992). Therefore, the accuracy of these parameters in capturing 
the process they describe has a large influence on a models performance. In model 
development, the uncertainties from model conditions and model parameters are often 
addressed through model experiments (e.g. through model spin-up and calibration) 
(Wang et al., 2011).  
 
The third source of uncertainty (i.e. structural uncertainty) often results from different 
representation and simplification assumptions of the ecological processes in the 
different models. In this regard models can be structured as either a simple 
representation of the ecological process (e.g. empirical or diagnostic models) or a 
detailed representation of the ecological process (e.g. process, mechanistic or 
prognostic models) (Littell, et al., 2011). The empirical models fit parameters to 
observations and use statistical methods to make predictions. These models are easy 
to use and their evaluation is possible using numerical methods (e.g. cross validation) 
(Littell, et al., 2011). The process models simulate ecosystem processes (e.g. the 
carbon cycle) based on mechanistic and semi-empirical process formulations and 
require detailed datasets on biophysical and meteorological conditions as input (e.g. 
Hexaltine et al., 1996; Sitch et al., 2003). The process models are therefore more 
complicated and difficult to implement mainly because of the difficulty in getting data 
to parameterise all the processes and to calibrate the models at appropriate temporal 
and spatial scales (Littell, et al., 2011). Furthermore, the process models are sensitive 
to scaling as different processes operate at very different scales (Littell, et al., 2011). 
Even though the process models represent ecosystem processes more accurately, there 
is debate as to whether they are actually better at simulating ecosystem processes (e.g. 
primary productivity) than the empirical or diagnostic models (Littell, et al., 2011). Booker Ouma Ogutu    Literature Review 
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Moreover, it has been suggested that process based models are not necessarily more 
accurate than simple empirical/diagnostic models mainly because of the high demands 
of data that are often scarce or unavailable at the appropriate spatial and temporal 
scales (Turner et al., 2000; Zhao et al., 2006; Sims et al., 2006; Jung et al., 2007). In 
general, the differences in the structural formulation of models will undoubtedly lead 
to differences in their output and hence it is expected that no two models would give 
identical results (Wang et al., 2011). However, it is important to understand how these 
differences in structural formulation of models influence their output.  
 
One group of models that have proved popular in modelling terrestrial ecosystem 
carbon exchange are the production efficiency models (PEM). This is mainly because of 
the ease in parameterising these models at regional to global scales using satellite 
remote sensing data (e.g. Porter et al., 1993; Ruimy et al., 1994; Running et al., 2000; 
Veroustraete et al., 2002; Makela et al., 2008; King et al., 2011). The production 
efficiency models are based on the methodology developed by Monteith (1972), and 
Kumar and Monteith (1981) whereby gross primary productivity is calculated as a 
function of light use efficiency (LUE), fraction of absorbed photosynthetic active 
radiation (FAPAR), total photosynthetic active radiation (PAR). The PAR term in the PEM 
models represent the solar radiation reaching the canopy in the wavelength region of 
visible light (0.4 – 0.7µm). It is typically derived from meteorological datasets and also 
from satellite products (Dye and Shibasaki, 1995). Even though PAR is essential in the 
PEM models, there is currently no standardized global PAR product (McCallum et al., 
2009).  
 
The light use efficiency term in the PEM models represents the effectiveness by which 
vegetation converts absorbed energy into biomass. Estimation of the LUE term (ɛ) is 
often difficult as it varies across biomes, species and plant functional types (Gower et 
al., 1999) and temporally across seasons and in response to variations in 
environmental conditions (Sims et al., 2006). Most of the PEM models often set the LUE 
term at a biome-specific maximum which is then degraded by environmental stress 
(e.g. vapour pressure defect and temperature) (e.g. Ruimy et al., 1994; Running et al., 
2000; Veroustraete et al., 2002; Makela, 2008; King et al., 2011). However, due to the 
coarse nature of meteorological datasets (e.g. 1° by 1° spatial resolution) used as 
scalars to adjust the LUE term to account for environmental stress on primary 
productivity, the accurate representation of a biome’s actual light use efficiency may 
be unreliable (Heinsch et al., 2006; Zhao et al., 2006; Jung et al.2007). Therefore, it 
has been proposed that carbon flux estimates be derived using simpler and more 
direct approaches which rely entirely on remote sensing data (e.g. vegetation indices) 
(Sims et al., 2006; Jung et al., 2008). Even though this approach would have the Booker Ouma Ogutu    Literature Review 
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benefit of a continuous output at the spatial resolution of the sensor, the use of 
vegetation indices alone may not be able to track daily fluctuations in carbon exchange 
due to rapid changes in environmental variables such as PAR, temperature and soil 
moisture (Harris and Dash, 2011). 
 
The fraction of absorbed photosynthetic active radiation (400nm – 700nm) (FAPAR) 
term in the PEM models represents the amount of light energy captured by plants and 
hence available to drive photosynthesis process. Therefore, it is the primary variable 
controlling the photosynthetic activity of plants and constitutes an indicator of the 
presence and productivity of live vegetation and intensity of terrestrial carbon sink in 
these models (Gobron et al., 2006). Furthermore, it is the parameter that links 
remotely sensed data to vegetation productivity in the PEM models (Knyazikhin et al., 
1998; Myneni et al., 2003; Gobron et al., 1997; Deng et al., 2006; Baret et al., 2007). 
Therefore, accurate estimation of FAPAR is vital in ensuring that the outputs from the 
PEM models reflect the actual productivity of the ecosystems being modelled. As 
mentioned previously (see section 2.6.3.2.2), direct measurement of FAPAR is difficult 
hence it is often derived either empirically from remotely sensed data (e.g. vegetation 
indices (especially the normalised difference vegetation index-NDVI) and leaf area 
index-LAI) or using physically based radiative transfer models constrained using 
remote sensing data (e.g. Knyazikhin et al., 1998; Myneni et al., 2003; Gobron et al., 
1997; Deng et al., 2006; Baret et al., 2007).  
 
Currently, the FAPAR products available for use in the PEM models (e.g. MODIS FAPAR, 
Knyazikhin et al., 1998; CYCLOPES FAPAR, Baret et al., 2007; MERIS-MGVI, Gobron et 
al., 2002) do not explicitly distinguish between PAR absorbed by non-photosynthetic 
components in the canopy and PAR absorbed by the photosynthetic elements in the 
canopy. Furthermore, most of the existing PEM models use the paradigm of NDVI-
FAPAR or LAI-FAPAR relationship for estimating gross primary productivity (GPP) of 
terrestrial vegetation at various spatial scales (e.g. Running et al., 2000; Veroustraete 
et al., 2002). FAPAR estimated in this manner is often referred to as FAPAR
canopy as it 
considers the whole vegetation canopy to be involved in productivity. However, this is 
not the case as vegetation canopy is often composed of both photosynthetic and non-
photosynthetic components. The non-photosynthetic components include: the stem, 
braches and boles and leaf pigments that are not involved in photosynthesis (e.g. 
brown pigments) while the photosynthetic components of the canopy are mainly the 
chlorophyll and carotenoids found within the leaf (Zhang et al., 2005, 2009).  
 
Calculating FAPAR
canopy would result in overestimation of the actual FAPAR utilised in 
photosynthesis (i.e. FAPAR
chlorophyll). Indeed Zhang et al (2005) reported that FAPAR
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was higher than FAPAR
chlorophyll. Therefore, subsequent use FAPAR
canopy in PEM models may 
lead to overestimation of ecosystem productivity predicted by these models. Apart 
from inflating values of actual PAR used in photosynthesis (i.e. FAPAR
chlorophyll), non-
photosynthetic canopy components also play a significant role in determining the 
spectral characteristics of the canopy being studied (Asner et al., 1998). This is 
important as LAI and NDVI which are used to derive FAPAR are dependent on the 
quality of reflectance measured by the satellite sensors. It has been shown that in 
biomes of low LAI, the presence of non-photosynthetic canopy components such as 
standing litter can alter significantly the spectral characteristics of such canopies 
(Asner et al., 1998). The alteration of the spectral reflectance could affect the accuracy 
of NDVI and LAI derived using these datasets, with consequences for the accuracy of 
FAPAR derived from the NDVI and LAI datasets. Furthermore, Asner et al., (1998) 
reported that in forests with a leaf area index (LAI) less than 3, the non-photosynthetic 
components of the canopy (e.g. stem) increased the actual canopy FAPAR by 10-40%. 
This over-representation of FAPAR absorbed by photosynthetic components of the 
canopy would lead to overestimation of ecosystem productivity by PEM models which 
use these datasets.  
 
However, at present, few studies have been undertaken to determine how this over-
representation of FAPAR affects ecosystem productivity predicted by the PEM models. 
This is mainly due to the unavailability of an FAPAR product that explicitly represents 
the FAPAR
chlorophyll. Seixas et al (2009) analysed influence of using two different FAPAR 
products (i.e. MODIS FAPAR and MGVI-FAPAR) on ecosystem modelling and reported 
that the two products indeed resulted in different ecosystem productivity predictions. 
Therefore, it is expected that the differences between FAPAR
canopy and FAPAR
chlorophyll 
would have impacts on the ecosystem productivity estimates from PEM models using 
these datasets, with the former variable expected to lead to overestimation of 
ecosystem productivity estimates. Therefore, there is need to formulate new 
approaches to derive only FAPAR absorbed by the photosynthetic components of the 
canopy (FAPAR
chlorophyll) and evaluate how it influences ecosystem productivity predicted 
by PEM models.  
 
Several approaches have been suggested to derive the fraction of PAR absorbed only 
by the photosynthetic components of the canopy. One such approach is the calculation 
of FAPAR
green which is given as FAPAR
green = FAPAR x (LAI
green/Total LAI) (Hall et al., 1992). 
The LAI
green represents of the green leaf area index which is the photosynthetically 
functional component of the total LAI. However, calculating green LAI is quite 
problematic and it is subjective to decide whether a leaf is green or non-green 
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(Ciganda et al., 2008). In practice mature leaves with high chlorophyll content during 
the green-up stage and leaves with much less chlorophyll content during the 
reproductive and senescence stages are both classified as green leaves and hence 
green LAI. Therefore this approach would still be prone to erroneous calculation of 
FAPAR absorbed by photosynthetic components of the canopy. Another suggested 
approach is to calculate FAPAR
green as an exponential function of LAI
green and a light 
extinction coefficient. Again in this approach, determining green LAI is problematic 
and subjective. Also, it has been shown that the relationship between FAPAR
green and 
LAI
green is species specific and may vary even within a species and the assumption that 
FAPAR is the radiometric equivalent of LAI is not valid in many cases (Peng et al., 
2011). Furthermore, during the senescence period, LAI in some deciduous plants could 
still be high whereas the photosynthetic component (i.e. chlorophyll) is completely 
degraded.  This would result in high values of FAPAR absorbed by photosynthetic 
components of the canopy. Therefore, there is need to explore new approaches of 
estimating FAPAR absorbed by photosynthetic components of the canopy. 
 
One approach that has been proposed is to relate FAPAR to chlorophyll content of the 
canopy as chlorophyll is the principal pigment involved in photosynthesis and only PAR 
absorbed by this pigment is utilized in productivity (e.g. Hanan et al., 2002; Zhang et 
al., 2005; Gitelson et al., 2005, 2006). Chlorophyll is a very direct expression of the 
photosynthetic apparatus of a plant community and it has been found to strongly 
relate to productivity (Peng et al., 2011; Wu et al., 2009; Gitelson et al., 2005, 2006). 
Long-term or medium term changes in canopy chlorophyll content is related to both 
plant phenology and photosynthetic capacity and may also be affected by water and 
thermal stresses (Zarco-Tajeda et al., 2000) and hence chlorophyll can be a good 
indicator of ecosystem productivity. These findings have led to the proposal of 
calculating FAPAR either as a function of canopy chlorophyll content or actually 
replacing FAPAR in the PEM models with canopy chlorophyll content. Peng et al (2011) 
studied the relationship between FAPAR
green and total chlorophyll content in maize crop 
and found that in low chlorophyll content values the relationship was good but as 
chlorophyll content increased the sensitivity of the relationship was drastically 
reduced. They however showed that GPP remained sensitive to chlorophyll content 
even at high chlorophyll levels. Due to this finding they suggested that chlorophyll 
content could be used as a substitute to FAPAR in PEM models.  
 
Other researchers have tried to derive FAPAR as a function of canopy chlorophyll 
content. Zhang et al., (2005) successfully used a coupled leaf and canopy radiative 
transfer model (PROSAIL-2) to derive different components of FAPAR (i.e. FAPAR
canopy, 
FAPAR
leaf and FAPAR
chlorophyll) from MODIS reflectance data. Their study showed that Booker Ouma Ogutu    Literature Review 
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FAPAR
chlorophyll was indeed less than FAPAR
canopy. However, they did not use the resultant 
FAPAR
chlorophyll to calculate GPP. In a more recent study, Zhang et al., (2009) used the 
approach of calculating FAPAR
chlorophyll to calculate LUE and then used the LUE
chlorophyll to 
estimate ecosystem productivity. Their results suggest that the use of LUE
chlorophyll 
resulted in a more accurate estimation of GPP as opposed to LUE
canopy. Based on the 
same principles, it is envisaged that the use of FAPAR
chlorophyll instead of FAPAR
canopy in PEM 
models would result in a more accurate estimation of an ecosystem’s productivity. 
Hanan et al., (2002) derived FAPAR
chlorophyll through inversion of net ecosystem 
productivity data from eddy covariance flux tower measurements using photosynthetic 
pathway specific (i.e. C
3 and C
4) quantum yields. The inversion approach partitions 
ecosystem light use efficiency term into a physiological component (i.e. the quantum 
yields) and a structural component (which describes the PAR absorbed by canopy 
chlorophyll).  
 
As stated in previous sections, the existing FAPAR products derived from remote 
sensing data do not partition the vegetation canopy into photosynthetically active 
vegetation (PAV) and non-photosynthetically active vegetation (NPAV) (Asner et al., 
1998; Hanan et al., 1998; Hanan et al., 2002; Xiao et al., 2004; Zhang et al., 2005, 
2009). However, it has been shown that NPAV can cause overestimation of FAPAR 
estimated from remote sensing measurements (Asner et al., 1998; Hanan et al., 1998; 
Hanan et al., 2002; Xiao et al., 2004; Zhang et al., 2005, 2009). It is hypothesised that 
this overestimation of FAPAR would lead to errors in the gross primary productivity 
predicted by PEM models which use these FAPAR products. A number of proposals 
have been put forward to derive only the fraction of PAR absorbed by the chlorophyll 
(e.g. Hanan et al., 2002; Zhang et al., 2005). However, none of these methods have 
suggested how the fraction of PAR absorbed chlorophyll can be derived at large spatial 
scales. Furthermore, it is important to investigate how the use of the FAPAR products 
which do not distinguish between the fractions of PAR absorbed by PAV and NPAV 
influence the accuracy of the gross primary productivity predicted by the PEM models. 
This thesis investigated the accuracy of existing FAPAR products and their influence on 
the gross primary productivity predicted by the PEM models that use them. The thesis 
also presents a means of deriving the fraction of PAR absorbed by photosynthetic 
components of the canopy (i.e. FAPAR
chlorophyll) at large spatial scales. Finally, a new 
production efficiency model that uses the derived FAPAR
chlorophyll to predict terrestrial 
vegetation carbon exchange at large spatial scales is developed. It is envisaged that 
the use of the FAPAR
chlorophyll in PEM models will improve their accuracy in predicting 
terrestrial ecosystem primary productivity.  
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Chapter 3: Evaluation of the leaf area index 
and the fraction of absorbed photosynthetic 
active radiation products estimated from 
medium spatial resolution remote sensing 
data over a broadleaf deciduous forest  
 
3.1. Introduction 
 
Terrestrial vegetation plays a key role in the exchanges of energy, water and gases 
(e.g. CO
2 and O
2) between the land surface and the atmosphere. Understanding this 
role not only requires quantitative information on the area and density of vegetation, 
but also accurate information on specific vegetation structural (e.g. leaf area index 
(LAI) and biophysical properties (e.g. fraction of absorbed photosynthetic radiation-
FAPAR), which directly drive these processes (Sellers, 1987; Chen, 1996; Morisette et 
al., 2006). LAI is defined as one half of the total green leaf area per unit ground 
surface area (Chen and Black, 1992).  It is one of the main drivers of canopy primary 
production process because it represents the size of the interface between the plant 
and the atmosphere for energy and mass exchange (Pisek and Chen, 2007). FAPAR is 
defined as the fraction of photosynthetic active radiation (400nm – 700nm) absorbed 
by vegetation canopy (e.g. Knyazikhin et al., 1998; Myneni et al., 2003; Gobron et al., 
1997; Deng et al., 2006; Baret et al., 2007) and represents the available light energy 
for plant productivity. Therefore, LAI and FAPAR are key biophysical variables 
influencing vegetation photosynthesis, transpiration and the energy balance of the 
land surface (Chen and Black, 1992; Morisette et al., 2006; Gobron et al., 2006). 
Furthermore, they are important drivers of most ecosystem productivity models 
operating at regional to global scales and also important components in a number of 
climate general circulation models (Buermann et al., 2001; Morisette et al., 2006). As 
such, they have been identified as essential climatic variables key to global change 
sciences (GCOS, 2003; Gobron and Verstraete, 2009).  
 
The importance of FAPAR and LAI in understanding the biogeochemical cycles and 
modelling the climate-vegetation-carbon cycle feedback has made their accurate 
estimation a priority research topic (Cohen and Justice, 1999; Buermann et al., 2001; 
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((e.g. the Physiological Principles Predicting Growth (3PG) model, Landsberg and 
Waring, 1997; and the FAPAR-productivity assessment (FPA) model, Jung et al., 2008) 
the FAPAR term is often derived as a function of LAI and hence the accuracy of the LAI 
products would determine how accurate FAPAR is represented in these models.  
 
Due to the difficulty of measuring LAI and FAPAR in the field (e.g. labour intensive and 
limited in spatial scale), these parameters are often estimated from data acquired by 
satellite remote sensing. The methodologies implemented to derive either LAI or 
FAPAR from satellite data include: developing empirical relationships with vegetation 
indices (Peterson et al., 1988; Myneni and Williams, 1994; Roujean and Bréon, 1995; 
Chen and Cihlar, 1996), and inversion of radiative transfer models using remote 
sensing data as constraints (Privette et al., 1994; Jacquemound et al., 1996; 
Knyazikhin et al., 1998; Gobron et al., 1999; Pinty et al., 2002; Myneni et al., 2002; 
Danson et al., 2003; Deng et al, 2006; Baret et al., 2007).  
 
Several satellite sensors (e.g. NASA’s Moderate Resolution Imaging Spectroradiometer 
(MODIS), European Space Agency’s MEdium Resolution Imaging Spectrometer (MERIS), 
and VEGETATION/SPOT) have been launched in the past decade to collect data that can 
be used to indirectly derive several land biophysical parameters including FAPAR/LAI 
using a number of sensor specific algorithms. Examples of such algorithms include the 
MODIS FAPAR/LAI algorithm (Knyazikhin et al., 1998; Myneni et al., 2002), the MERIS 
Neural Networks Top of Canopy (NN-MERIS TOC) FAPAR/LAI algorithm (Baret et al., 
2007; Bacour et al., 2006) the CYCLOPES SPOT-4 VEGETATION (VGT) FAPAR/LAI 
algorithm (Deng et al., 2006; Baret et al., 2007) and the GLOBCARBON FAPAR/LAI 
algorithm (Plummer et al., 2007). Since all these algorithms are ultimately deriving the 
same vegetation biophysical product (i.e. FAPAR and LAI) albeit with minor differences 
in their definition and derivation processes, a key requirement for these products is 
that they should be comparable.  
 
Comparability of such products offers several advantages. For example, since satellite 
sensors have a limited lifespan, similarity of products from various sensors will ensure 
data continuity even when one of the sensors fails. It also ensure that the products can 
be used inter-changeably with the confidence that the results derived from using them 
will be similar (e.g. in terrestrial ecosystem primary productivity modelling). Finally, 
comparability of these products would allow for combination of multiple FAPAR and 
LAI products and thus extends the temporal and spatial extents of FAPAR and LAI 
fields available for use in global land surface models.  
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A number of initiatives have been conducted to compare and validate FAPAR/LAI 
products derived from remotely sensed data (e.g. Canisius et al., 2010; McCallum et 
al., 2010; Seixas et al., 2009; Garringues et al., 2008; Weiss et al., 2007; Pisek and 
Chen, 2007; Bacour et al., 2006; Gobron et al., 2006; Wang et al., 2004; Fensholt et 
al., 2004; Tian et al., 2002). Two of the most notable biophysical products validation 
exercises undertaken thus far are the Validation of Land European Remote sensing 
Instrument (VALERI) project (http://www.avignon.inra.fr/valeri/) and the BigFoot 
project (http://www.fsl.orst.edu/ larse/bigfoot/). Most of these validation exercises are 
generally restricted to few sites or limited to an area (Weiss et al., 2007). Moreover 
most of these validation exercises have been undertaken as a one-off field campaign 
mostly during the peak growing seasons (Weiss et al., 2007). 
 
To complement validation processes that have been undertaken thus far and to 
understand the accuracy of the operational FAPAR and LAI products, the present study 
investigated the comparability between medium spatial resolution FAPAR/LAI products 
(i.e. MODIS, GLOBCARBON, MERIS-MGVI, CYCLOPES, and NN-MERIS Top of Canopy (NN-
MERIS TOC) FAPAR/LAI products) over a deciduous broadleaf forest site in southern 
England, UK. The products were then evaluated against in situ FAPAR/LAI 
measurements acquired using the Tracing Radiation and Architecture of Canopies 
(TRAC) optical instrument (Chen, 1996) at the forest site. Contrary to the single date 
FAPAR/LAI measurement that is often used in other validation exercises; FAPAR/LAI 
measurements for an entire growing season in 2009 was done in this study. This 
enabled an evaluation of the performance of the algorithms in predicting FAPAR/LAI 
for an entire growing season.  
 
Apart from the validation exercise, this study also investigated the spatial consistency 
between the LAI derived from the MERIS sensor data at 300m
2 spatial resolutions using 
the NN-MERIS TOC LAI algorithm and the in-situ LAI measurements. Only the NN-MERIS 
algorithm was used in this task because of the high spatial resolution of the MERIS 
data (300m, resulting in approximately 12 pixels within the study plot).  
 
3.2. Materials and Methods 
 
3.2.1. Study site  
 
The study site was a 1 km by 1km plot located in New Forest, Southern England (UK) 
(Area bound approximately by 51° 51’ 18’’N, 1° 34’ 11’’W; 50° 51’ 18’’N, 1° 33’ 32’’W; 
50° 50’ 44’N, 1° 33’ 32’’W,  and 50° 50’ 47” N, 1° 34’ 10” W, Figure 3.1). The plot was 
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stands with the main tree species being: Oak (Quercus robur) approximately 40%, 
Beech (Fagus sylvatica)-approximately 45% and Silver birch (Betula pendula)-
approximately 5%. The surrounding areas of the plot had similar vegetation 
composition.  The ground cover was composed mainly of dead leaves with less than 1% 
of the study site having undergrowth specifically in areas of open canopy. The main 
soil type in the study site is the dark grey clay-loamy soil. 
 
 
Figure 3.1.Location of study site in Southern England and the study plot (Aerial 
photo view of the study site courtesy of Google Earth) 
 
3.2.2. Field data collection and processing 
 
Field radiation measurements used to derive LAI/FAPAR was collected using the 
Tracing Radiation and Architecture of Canopies (TRAC) device (3
rd Wave Engineering, 
Ontario, Canada) during the year 2009 growing season. The TRAC device is a hand-
held optical instrument that measures the photosynthetic photon flux density (PPFD) 
through a canopy at a frequency of 32Hz (Chen and Cihlar, 1995). The instrument was 
developed to rectify the underestimation of LAI of forests and discontinuous canopies 
that resulted when using other optical instruments (e.g. LAI-2000 Plant Canopy 
Analyser-LICOR) which do not consider the non-randomness of the spatial distribution 
of foliage elements in canopies (Chen and Leblanc, 2001). The TRAC instrument 
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consists of three PAR (400-700nm) sensors (pyranometers), two upward and one 
downward facing, a data logger and a storage module (Chen and Cihlar, 1995). The 
transmitted total and diffuse PAR irradiance from the one upward facing sensor is used 
to resolve the direct component of PAR for LAI calculations. The reflected PAR 
irradiance from the downward facing sensor is useful in calculating the fraction of PAR 
(FAPAR) absorbed by the canopy (Chen, 1996).  
 
By walking with the instrument under a canopy on a clear sunny day, the upward facing 
sensors record the transmitted direct light (sun flecks) as spikes at a frequency of 
32Hz. Each of the recorded spikes in a time trace represents a gap in the canopy in the 
sun’s direction. These individual spikes are converted into gap size values to obtain a 
gap size distribution. The gap size distribution represents the physical dimension of a 
gap in the canopy. The percentage of gaps that occur in a given canopy at a given solar 
zenith angle is referred to as the gap fraction (Chen, 1996). The gap size distribution 
is used to estimate the clumping index, while the gap fraction is used to estimate 
effective LAI (LAI
e) (Chen, 1996). The clumping index (Ω
E) is calculated from the gap 
size distribution by comparing the measured gap size distribution with a theoretical 
gap size distribution associated with a canopy with randomly distributed foliage 
elements (Equation 3.1) (Miller and Norman, 1971; Chen and Cihlar, 1995).  
 
   = 
[1 +      −      ]ln     
ln       
…………………….…..         3.1 
 
Where F
m is the measured total canopy gap fraction at the zenith angle of interest and 
F
mr the gap fraction of the same canopy, where the foliage elements are 
computationally assumed to be spatially random (Chen and Cihlar, 1995). To obtain 
the F
mr, the measured gap size distribution is compared with a theoretical gap size 
distribution calculated using the Miller and Norman, (1971) canopy randomness theory 
for the same canopy. When doing this comparison, the gaps in the measured gap 
distribution function that are due to non-randomness in that canopy (that is, large 
gaps appearing at probabilities larger than the predicted gaps) are identified and 
excluded from the total gap fraction accumulation using a gap removal method (Chen 
and Cihlar, 1995). This process brings to close agreement the measured gap size 
distribution and the theoretically predicted gap size distribution. The difference 
between the measured gap fraction and the gap fraction after the removal of the non-
random gaps represents the clumping index (Chen, 1996). The measured gap size 
distribution (Fm) on the other hand determines the “effective” LAI (i.e. LAI retrieved 
assuming randomness of foliage distribution). The actual LAI of a canopy is calculated 
by adjusting the effective LAI using the clumping index value (Chen and Cihlar, 1995).  Booker Ouma Ogutu    FAPAR/LAI Validation 
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The TRAC instrument has been validated in several studies mostly in conifer forests 
(Chen and Cihlar, 1995). Due to the fact that the theory behind the gap analysis does 
not require assumptions on foliage spatial distribution, the method can be used in all 
types of canopies (Chen and Cihlar, 1995). It has been shown that when TRAC is used 
for at least half a clear day, an accurate LAI value for a stand can be obtained using the 
TRAC instrument alone (Chen, 1996). Furthermore, it was shown that the accuracy of 
deriving the element-clumping index from gap-size distribution measured by the TRAC 
instrument is approximately 97% implying that the actual LAI derived using these 
clumping indices are plausible (Chen and Cihlar, 1995).  
 
Intensive field campaigns for in-situ LAI/FAPAR measurements were undertaken on a 
monthly basis from April to October in 2009 using the TRAC device. Within the study 
plot, nine transects were marked in a South-West to North-East direction (Figure 3.2). 
This ensured that when taking measurements using the TRAC device, the Sun’s beam 
was perpendicular to transects as recommended by Leblanc et al., (2005). Transects 
were located 100 meters away from the plot edge. This ensured that the trees outside 
the plot did not interfere with the measurement by casting their shadow along the 
measurement transects (Leblanc et al., 2005). The distance between each transect was 
set at 100 meters. During data collection, the TRAC instrument was carried through 
the forest along transects whilst maintaining a steady pace. Time/date stamps were 
entered at the beginning and the end of transect. The data for the entire transect was 
later divided into 25 meter intervals (~1000 measurements) for analysis with the 
assumption that the walking  pace was fairly even throughout a transect. The TRAC 
measurements were collected on clear sky days only between 10am and 2pm. If any 
clouds obscured the sun, data collection was halted until the cloud passed. 
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Figure 3.2 Field data collection sampling scheme 
 
Processing of the in-situ data collected using the TRAC instrument to generate LAI was 
done using the TRACWin program (Leblanc et al., 2005). The programme requires 
input of solar zenith angle, wood to total area ratio, needle to shoot ratio and spacing 
between the markers. The needle-to-shoot ratio was set at 1 since trees in the study 
site had flat leaves (i.e. deciduous broadleaf forest) (Leblanc, et al., 2005). The woody 
to total area ratio values were derived from literature as no measurements were done 
during complete leaflessness of the study site so as to allow for the calculation of 
woody to total area ratio. The woody to total area ratio used in this study were 
acquired from measurements reported by Breda, (2003) for varying Oak and Beech 
stands (Table 3.1). The solar zenith angle was calculated for the specific time and day 
using NASA’s automated solar zenith calculator (http://www.srrb.noaa.gov/highlights/ 
sunrise/azel.html) (Table 3.1). The mean LAI of each of the 25 meter segments was 
calculated to represent the LAI for each transect and the mean of all transects 
represented the LAI for the entire study plot.  
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Table 3.1.Solar zenith angle ranges for data collection days and woody to total 
area ratio used in LAI and FAPAR calculation 
Data collection 
date 
Solar zenith angle ranges  Woody to total  area ratio 
(Adapted from Breda, 2003) 
16
th April 2009  42.79° to 53.85°  0.35 
29
th April 2009  38.46° to 50.59°  0.28 
23
rd May 2009  32.64° to 45.79°  0.15 
23
rd June 2009  30.47°to 42.85°  0.08 
29
th August 2009  43.86° to 54.68°  0.19 
13
th October 2009  59.82° to 68.31°  0.23 
 
 
To calculate in-situ FAPAR, data recorded by the three pyranometer sensors on the 
TRAC device was used. The procedure used in calculating the FAPAR followed the 
method described by Huemmrich et al., (2005). FAPAR was calculated as:  
 
      = 
    
   
= 
     +   −  −   
   
…………………         3.2 
 
 
Where Q
in is the incident PAR flux, Q
b is the PAR reflected into the canopy from the soil 
background, Q
t is the transmitted through the canopy, and Q
r is the above-canopy 
reflected PAR. Even though the Q
b term is usually small and is set to zero in the 
calculation of FAPAR (e.g. Walter-Shea et al., 1992; Asner et al., 1998), in this study 
data measured by the downward looking sensor in TRAC instrument was used to 
represent Q
b in the equation. In tall vegetation, it is difficult to measure above-canopy 
reflected PAR (Q
r).  Therefore, the incident PAR was set to 95% of the PAR measured in 
the open area outside the study site. It was assumed that 5% of incoming PAR will be 
reflected by the top of the canopy (e.g. Huemmrich et al., 2005). The limitation of this 
method of calculating FAPAR is its lack of accounting for PAR absorbed by non-
photosynthetic components of the canopy (e.g. trunk and branches). This would lead 
to higher FAPAR estimates. To correct for this, the woody to total area ratio was used Booker Ouma Ogutu    FAPAR/LAI Validation 
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to account for the PAR absorbed/intercepted by the woody parts of the plants. This 
was done by subtracting the percentage of the woody to total area ratio for the specific 
time of the data collection from the FAPAR calculated using Equation 3.2. Since no 
measurement was undertaken to enable the calculation of woody-to-area ratio in the 
present study site, data from Breda, (2003) which describe woody to total area ratio for 
sites similar to current study site was used(Table 3.1). 
 
3.2.3 FAPAR and LAI products 
 
Table 3.2 gives a summary of the LAI and FAPAR products evaluated in this study. 
Detailed description of each product is provided in subsequent sections. 
Table 3.2 Summary of the FAPAR/LAI products evaluated in the present study 
FAPAR/LAI 
product 
Spatial 
Resolution 
Temporal 
Resolution 
Sensor  Reference 
MODIS FAPAR/LAI  1km  8-Days  MODIS-TERRA  Knyazikhin et al., 1998; 
Myneni et al., 2002 
*NN-MERIS TOC  300m  *N/A  ENVISAT-MERIS  Bacour et al., 2006 
CYCLOPES   1km  10-days  SPOT-
VEGETATION 
Baret et al., 2007 
GLOBCARBON  1km  1 month  SPOT-
VEGETATION 
Deng et al., 2006 
**MGVI  1.2km  10-days  ENVISAT-MERIS  Gobron et al., 2002 
*NN-MERIS TOC is not a product per se but a code to process MERIS data; **MGVI is not 
an LAI or FAPAR product per se but it has been shown to correspond to FAPAR 
 
3.2.3.1 MODIS FAPAR/LAI Product 
 
The MODIS FAPAR/LAI product is derived by an algorithm that uses a lookup table 
(LUT) method (the main algorithm) to achieve inversion of a three dimensional radiance 
transfer (RT) problem (Knyazikhin et al., 1998). The algorithm uses a biome 
classification and atmospherically corrected MODIS spectral reflectances at 1km
2 
spatial resolution to retrieve the FAPAR/LAI products and hence it has interfaces with 
the MODIS Surface Reflectance Product and the MODIS Land Cover Products (Myneni et 
al., 2002). The LUTs are generated for each of the biome by running the algorithm for 
various combinations of FAPAR/LAI and soil type (Knyazikhin et al., 1998).The main Booker Ouma Ogutu    FAPAR/LAI Validation 
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algorithm produces the best quality FAPAR/LAI retrievals. However, should the main 
algorithm fail, a back-up algorithm, based on relations between FAPAR/LAI and NDVI 
associated with a biome classification map is used to retrieve FAPAR/LAI values 
(Knyazikhin et al., 1998). The results from the backup NDVI based algorithm are 
usually of poorer quality due to its insensitivity to input data uncertainties (Shobanov 
et al., 2005). The MODIS FAPAR product does not account for the woody components 
of the canopy, which amounts to inclusion of FAPAR by non-green photosynthetic 
elements in the product (Weiss et al., 2007).  
 
We acquired version 5 of MODIS FAPAR/LAI product at 8-day composite period and 
1km by 1km spatial resolution from the Earth Resources Observation System (EROS) 
Data Centre Distributed Active Archive Centre 
(https://lpdaac.usgs.gov/lpdaac/products/) for our study site. Before using the data, 
the quality control (QC) file was examined to determine the accuracy of the data. Only 
the MODIS FAPAR/LAI data retrieved using the main algorithm (i.e. due to its better 
accuracy) was used in further analysis.  
 
3.2.3.2 MERIS LAI Top of Canopy Algorithm (NN-MERIS TOC LAI product) 
 
The MERIS Top of Canopy algorithm (NN-MERIS TOC) is a neural networks based 
algorithm (Baret et al., 2007; Bacour et al., 2006). It concurrently estimates four 
vegetation biophysical variables (LAI, ƒAPAR, ƒCover and canopy chlorophyll content 
(LAI*Cab)) using data acquired by the MERIS sensor. On the contrary to other 
algorithms that use the look-up table (LUT) techniques to solve the inverse problem of 
the radiative transfer models (e.g. MODIS FAPAR/LAI algorithm), the NN-MERIS TOC 
algorithm uses neural networks approach to achieve the solution to the inverse 
problem (Baret et al., 2007; Bacour et al., 2006). The algorithm relies solely on data 
from two radiative reflectance models i.e. SAIL (Verhoef, 1984) and PROSPECT 
(Jacquemoud and Baret, 1990) (SAIL+PROSPECT) models when training the neural 
network to estimate FAPAR/LAI from 11 bands of given MERIS TOC reflectance 
estimates (Baret et al., 2007; Bacour et al., 2006). The first two short wavebands and 
the oxygen and water absorption bands are not used in the algorithm because they are 
assumed to contain high uncertainties and provide limited information about the 
surface (Baret et al., 2007; Bacour et al., 2006). The NN-MERIS TOC algorithm has been 
written into a computer programme and made available as a plug-in that is embedded 
in the VISAT BEAM satellite data processing software (http://www.brockmann-
consult.de/beam-wiki/display).  
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The plug-in NN-MERIS TOC algorithm was used to process MERIS level 2 full resolution 
data at 300m by 300 m spatial resolution obtained from European Space Agency (ESA) 
data archive to derive LAI for our study plot. The level 2 data were already 
atmospherically corrected using the Simplified Method for Atmospheric Correction 
(SMAC) model (Rahman and Dedieu, 1994). Since some of the MERIS data still had 
cloud cover, attempt was made to eliminate those pixels with cloud contamination by 
checking the seasonal pattern of the derived LAI and removing those with unrealistic 
drop and rebound from subsequent analysis.  
 
3.2.3.3 The GLOBCARBON FAPAR/LAI Product 
 
The GLOBCARBON FAPAR/LAI product is produced by processing data from two 
sensors: the SPOT/VEGETATION and the AATSR. The GLOBCARBON algorithm (Deng et 
al., 2006) relies on land cover specific relationships between LAI and combinations of 
Red, NIR and SWIR spectral bands, derived using the Four Scale canopy reflectance 
model (Chen and Leblanc, 2001). The LAI algorithm solves the four scale canopy 
reflectance radiative transfer model through an iteration method starting from a 
precursor effective LAI, as estimated by a general cover-type dependent simple ratio 
(SR) to LAI relationship. Once the effective LAI is calculated by iteration, the algorithm 
then accounts for vegetation clumping at the plant and canopy scales by application of 
a cover-type dependent clumping index defined by Chen et al., (2005) to derive actual 
LAI. The global product is achieved through the use of the Global Land Cover 2000 
(GLC2000) map (Bartholome and Belward, 2005).The GLOBCARBON FAPAR is derived 
from smoothed LAI values using a modified Beer-Bouger law (Plummer et al., 2007). 
The algorithm calculates FAPAR as the difference between the total Top of Canopy 
(TOC) PAR absorbance minus the PAR absorbance by soil. Only instantaneous FAPAR at 
the view and illumination angle is produced (Plummer et al., 2007). The transmission 
through the vegetation canopy is assumed to be an exponential function of the 
effective LAI, also depending on the solar zenith angle. The FAPAR/LAI images are 
produced on a monthly basis by averaging intermediate daily FAPAR/LAI values from a 
smoothed and interpolated time series on annual basis.  The individual estimates of 
FAPAR/LAI are produced for all the valid pixels from each sensor (i.e. atmospherically 
corrected, free from cloud, cloud shadow and snow).  
 
The monthly FAPAR/LAI products were acquired from the geosuccess site 
(http://geofront.vgt.be/geosuccess/).The final FAPAR/LAI product is accompanied by a 
flag value which indicates when no LAI estimate is computed. Because of unavailability 
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uncertainties and used in this study (See the methods section on selection of pixels for 
evaluation). 
 
 
3.2.3.4 The CYCLOPES FAPAR/LAI Product 
 
The CYCLOPES FAPAR and LAI products are generated using top of canopy reflected 
values computed in a standard geometrical configuration of the SPOT/VEGETATION 
sensor at 1/112° (about 1 km
2 at equator) ground sampling distance and at a 10 day 
temporal sampling, in a Plate Carrée projection (Baret et al., 2007).These top of canopy 
directionally normalized reflectance values (the Red, NIR, and SWIR) are used as inputs 
to the biophysical algorithm to get FAPAR and LAI estimates. Before implementation of 
the algorithm, four steps are necessary: cloud screening, atmospheric correction, BRDF 
normalization and temporal compositing. After these processes are completed, the 
biophysical algorithm is implemented to derive FAPAR and LAI.  
 
The algorithm used to derive CYCLOPES FAPAR/LAI product is similar to the algorithm 
used in deriving the NN-MERIS LAI data (see section 3.2.3.2) (Bacour et al., 2006; Baret 
et al., 2007). It is based on training neural networks over SAIL (Verhoef, 1984) and 
PROSPECT (Jacquemoud and Baret, 1990) radiative transfer model simulations for each 
biophysical variable. Estimations are weighted by an overall uncertainty of 0.04 on 
reflectance, accounting both for model and measurement uncertainties. In its 
calculation of LAI, the CYCLOPES algorithm does not correct for clumping at plant and 
canopy level. However, landscape clumping is partly taken into account by considering 
mixed pixels as a fraction of pure vegetation and pure bare soil when simulating the 
VEGETATION surface reflectance at the pixel level with the SAIL model (Baret et al., 
2007).  
 
The FAPAR calculated by the CYCLOPES algorithm corresponds to a black-sky (no 
diffuse illumination) at 10:00 local solar time absorption of 400-700nm radiation by 
green vegetation elements (Weiss et al., 2007) and has been shown to be a fair 
approximation of the daily integrated value for non-cloudy days (Baret et al., 2007). 
The algorithm to derive CYCLOPES product (i.e. the neural networks algorithm) is 
designed to be applied to any surface type and hence does not need a land cover map 
during its implementation. The CYCLOPES FAPAR/LAI data is accompanied by a flag 
which indicates when the algorithm fails to retrieve FAPAR/LAI (i.e. when there are less 
than two cloud and snow free observations in the 30 day compositing period or when 
the retrieval is out of the valid range). Version 3.1 CYCLOPES FAPAR/LAI product was 
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unavailability of CYCLOPES data for the year 2009, we used the 2007 data adjusted for 
interannual uncertainties (See methods section on selection of pixels for evaluation). 
 
3.2.3.5 The MGVI product 
 
The MERIS Global Vegetation Index (MGVI) derived from the MERIS sensor was 
originally a vegetation index but it has been shown to correspond to FAPAR and as 
such has been used as a representative of FAPAR (Gobron et al., 1999, 2002, 2007). 
The algorithm to derive this product is optimized to acquire accurate information on 
the state of terrestrial vegetation. The algorithm uses rectified reflectance data from 
the red and near-infrared spectral bands acquired under direct illumination from top of 
atmosphere measurements, thus minimizing atmospheric and angular effects (Gobron 
et al., 2002, 2007). The MGVI-FAPAR product is estimated in two steps.  
 
First the information contained in the blue band at 442nm is combined with that in the 
red (681nm) and near-infrared (865nm) bands, to ensure that the latter two bands are 
‘decontaminated’ from atmospheric and angular effects. Rectification, which relies on 
polynomial coefficients optimized to generate values which correspond to the 
bidirectional factors measured at top of canopy, is done in a way to minimize the 
differences between the rectified channels and the spectral reflectances that would be 
measured at the top of canopy (TOC) under a standard illumination and observation 
geometry.  
 
Secondly, the MGVI is optimized with respect to canopy characteristics, specifically 
FAPAR, and its sensitivity to atmospheric and soil perturbing factors is minimized, 
which is achieved through a simulation of the transfer of radiation through a coupled 
surface-atmosphere system. The MGVI is constrained to take on values as close as 
possible to the FAPAR associated with the plant canopy (Gobron et al., 2002, 2007). 
 
3.2.2. Methods 
 
3.2.2.1. Selection of pixels for evaluation and temporal resampling 
 
Evaluating FAPAR and LAI estimates from moderate spatial resolution imagery against 
in-situ measurements is a difficult task, particularly due to the global extent of most of 
the products and their coarse spatial resolution (Weiss et al., 2007).  The task is 
further complicated by mixed pixels, sensitivity of pixels to adjacent regions due to Booker Ouma Ogutu    FAPAR/LAI Validation 
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the sensor projected instantaneous field of view (PIFOV), geolocation errors and 
resampling (Weiss et al., 2007). To minimize the PIFOV surface uncertainty when 
comparing in-situ FAPAR/LAI with satellite derived FAPAR/LAI, pixel aggregation (e.g. 3 
by 3 pixel aggregation) has been suggested (Morisette et al., 2006; Abuelgasim et al., 
2006).  For the NN-MERIS Top of Canopy LAI datasets, there were approximately 12 
MERIS pixels falling within the study plot (i.e. the 1km by 1km plot). These pixels were 
aggregated to get LAI for the entire study plot and were then compared with the in-situ 
LAI measurements. Even though the MERIS geolocation error is known to be less than 
half a pixel (approx. +/- 132 meters) (Saunier and Goryl, 2004), the aggregation 
procedure was deemed necessary to reduce the uncertainty due to geo-location and 
sensor projected instantaneous field of view (PIFOV) errors.  For the MODIS, MERIS-
MGVI, GLOBCARBON and CYCLOPES products which are produced at 1km
 spatial 
resolution, 3km by 3km grid centred on the study plot were aggregated and compared 
with the in situ data.  The MODIS sensor has a geo-location accuracy of 50m (Wolfe et 
al., 2002) and the VEGETATION sensor used for deriving the GLOBCARBON and 
CYCLOPES products has a geo-location accuracy of 150m (Baret et al., 2007).  
 
The temporal compositing of the datasets were different (e.g. MODIS is at 8 days, 
CYCLOPES at 10 days, MERIS-MGVI at 10 days and GLOBCARBON at monthly time-step). 
In order to match the satellite datasets with the in-situ FAPAR/LAI measurements, data 
from the closest time-steps were used. For MODIS and CYCLOPES datasets, the 
FAPAR/LAI values of the composite period where the field data collection date fell was 
used. The MERIS images were acquired for dates closest to the field collection date and 
processed to generate LAI for that time-step. Since the GLOBCARBON data was at 
monthly time steps, linear interpolation was done between the months at a weekly 
time steps to generate data that would be comparable to the time of field data 
collection. The interpolation of the GLOBCARBON datasets generated 7-day FAPAR/LAI 
values and the FAPAR/LAI values for the week where the field data collection dates fell 
was used in subsequent analysis. 
 
The CYCLOPES and GLOBCARBON datasets were from a different year (i.e. 2007) to the 
year of in-situ data collection (i.e. 2009). These datasets were adjusted using a linear 
regression equation derived by comparing MODIS 2007 and MODIS 2009 datasets 
(Figure 3.3). It was assumed that the difference between the MODIS datasets was solely 
due to interannual variations. The linear regression equation was then used to predict 
the FAPAR/LAI values for the year 2009 from the 2007 GLOBCARBON and CYCLOPES 
FAPAR/LAI datasets.  
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Figure 3.3.Relationship between 2007 and 2009 MODIS LAI data used to adjust 
CYCLOPES and GLOBCARBON LAI data 
 
3.2.2.2. FAPAR and LAI data comparison and analysis 
 
It is recommended that comparison between in situ FAPAR/LAI values and FAPAR/LAI 
derived from medium spatial resolution sensor data should be done via an 
intermediate FAPAR/LAI map derived from high spatial resolution imagery (Morisette, 
et al., 2006; Garrigues et al., 2008). This is especially required when the study site is 
heterogeneous (e.g. composed of different land cover types such as cropland, forests 
and grassland) and sampling is not intensive.  In the present study this procedure was 
not deemed necessary as the plot consisted of only one land cover type (broadleaf 
deciduous forest) and the 1 km by 1km plot was intensively sampled. The average of 
all the FAPAR/LAI values sampled was calculated to represent the entire study plot and 
then compared with the FAPAR/LAI products from the medium spatial resolution 
satellite datasets.  
 Booker Ouma Ogutu    FAPAR/LAI Validation 
  62   
The Theil-Sen regression method (Theil, 1950; Sen, 1968; Wilcox, 2004; Fernandes and 
Leblanc, 2005) was used to evaluate how well the satellite derived FAPAR/LAI products 
compared between themselves and against in-situ FAPAR/LAI measurements. Theil-Sen 
regression method was chosen over the ordinary least square (OLS) regression method 
due to the fact that it tends to yield accurate confidence intervals even with non-
normal data; it is resistant to outliers; has a smaller standard error compared to OLS 
especially when the datasets are heteroscedastic (i.e. having differing variances ) and it 
takes into account the presence of measurement errors in both the in-situ datasets and 
satellite derived FAPAR/LAI products (Fernandes and Leblanc, 2005). The coefficient of 
determination (R
2) from the regression represented the goodness of fit between the 
datasets while the slope of the regression line indicated the bias (accuracy) between 
the compared datasets. Root Mean Square Error (RMSE) was calculated to estimate the 
difference between values predicted by the FAPAR/LAI algorithms and observed values 
from in-situ measurements (that is the precision of the FAPAR/LAI algorithms) and to 
evaluate the performance of the algorithms against each other.  
 
Finally, the spatial consistency between the in-situ LAI measurements and LAI derived 
from MERIS data using the NN-MERIS TOC algorithm was evaluated for similar dates for 
the entire growing season. Only the data derived from the MERIS data using the NN-
MERIS TOC algorithm was used for this purpose as it had more pixels within the study 
site due to its relatively high spatial resolution (300m). This task was undertaken by 
calculating the mean of in-situ LAI measurements within each MERIS pixel and then 
comparing these values with the LAI of that pixel derived using the NN-MERIS TOC 
algorithm.  
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3.3. Results and Discussion 
 
3.3.1. Evaluation of leaf area index (LAI) products derived from 
medium spatial resolution satellite datasets  
 
3.3.1.1. Comparison of the LAI products 
 
The results of the analysis of the comparability of the LAI values predicted by four 
algorithms (i.e. CYCLOPES, MODIS, GLOBCARBON and NN-MERIS) are presented in 
Figure 3.4. The Theil-Sen regression statistics for the comparison of the satellite 
products are presented in Table 3.3. Data points in Figure 3.4 represent LAI values for 
similar time-steps. The number of points varies in each of the sub-figures as only 
matching good quality LAI data from the pair of products were analysed. 
 
All the algorithms had high positive correlation as shown by their R
2 being greater than 
0.5 in all the comparisons (Table 3.3). The high positive correlation values represented 
how well each of the algorithms depicted the LAI phenological trend of the study site. 
Therefore, all the LAI products predicted seasonal increase and reduction of LAI for the 
study site comparably. The RMSE between the algorithms represents their precision in 
predicting the absolute LAI values for the study site. Even though the CYCLOPES and 
NN-MERIS LAI were derived from data from two different sensors (i.e. SPOT-
VEGETATION for CYCLOPES and MERIS for NN-MERIS algorithm), they had the best 
agreement in terms of precision and the least bias (RMSE = 0.45; Relative Error = 0.02). 
The reason for the good agreement between the two LAI outputs could be due to both 
being derived using algorithms based on the same principle (i.e. the neural network 
approach - Bacour et al., 2006; Baret et al., 2007). This similarity of LAI output from 
different input datasets shows the stability of the basic principle of the algorithms. The 
CYCLOPES and the GLOBCARBON LAI products are derived from the same dataset (i.e. 
SPOT-VEGETATION sensor data). However, the agreement between them (RMSE = 1.44; 
Relative Error = 0.64) is not better than that between CYCLOPES and NN-MERIS (RMSE 
=0.45; Relative Error = 0.02). This finding indicates that different algorithms can result 
in different LAI values even if the input dataset is the same. The slopes of the 
regression equations indicate that the MODIS and GLOBCARBON LAI predictions were 
almost twice as high as those of CYCLOPES and 1.5 times those of NN-MERIS algorithm. 
Furthermore, the MODIS and GLOBCARBON predictions were always higher than the 
NN-MERIS and CYCLOPES predictions (Figure 3.4).  Booker Ouma Ogutu    FAPAR/LAI Validation 
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Table 3.3: Statistics from the Theil-Sen regression comparing the LAI products 
Product  Slope  R
2  RMSE    Relative 
Error 
p 
Value 
Slope 
Confidence 
Intervals 
            Lower 
95% 
Upper 
95% 
Cyclopes Vs. 
GLOBCARBON 
1.985  0.76  1.39  0.13  0.000  1.161  2.45 
Cyclopes Vs. MODIS  1.601  0.78  1.57  0.43  0.000  1.295  2.086 
GLOBCARBON Vs. 
MODIS 
0.882  0.68  0.95  0.36  0.000  0.69  0.945 
NN-MERIS Vs. Cyclopes  0.863  0.85  0.45  0.02  0.000  0.538  1.08 
NN-MERIS Vs. 
GLOBCARBON 
1.286  0.5  0.86  0.23  0.000  0.88  1.533 
NN-MERIS Vs. MODIS  1.058  0.59  1.44  0.64  0.000  0.656  1.31 
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Figure 3.4.Inter-comparison between four satellites derived LAI products over 
the study site;(a) GLOBCARBON versus CYCLOPES; (b) MODIS versus CYCLOPES; 
(c) MODIS versus GLOBCARBON; (d) GLOBCARBON versus NN-MERIS; (e) 
CYCLOPES versus NN-MERIS; (f) MODIS versus NN-MERIS  
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3.3.1.2. Direct evaluation the LAI products against in-situ measurements  
 
The evaluation of the seasonal trends of in-situ LAI measurements (both the actual LAI- 
LAI corrected for clumping effects and effective LAI (LAIe) – LAI uncorrected for 
clumping effects), and remote sensing LAI products (i.e. NN-MERIS TOC LAI, 
GLOBCARBON, CYCLOPES and MODIS ) are shown in Figure 3.5. The seasonal trajectory 
of the remote sensing derived LAI products portrayed different phenological stages of 
in-situ LAI changes for the broadleaf deciduous forest site fairly well (i.e. they all 
depicted LAI increment during the spring season, maximum LAI during the summer 
and a reduction in LAI during the autumn) (Figure 3.5). However, there were 
differences between the magnitudes of LAI products in the various parts of the 
growing season. The MODIS and GLOBCARBON LAI products showed higher LAI values 
(i.e. ~1.5 units for MODIS and ~2.5 for GLOBCARBON) during the summer months 
when compared with the rest of the datasets. Furthermore, the MODIS LAI product had 
consistently higher LAI values across the entire growing season when compared with 
all the other products. Other studies have reported high values and saturation for the 
MODIS LAI algorithm in dense canopies (e.g. Wang et al 2005; Aragao et al., 2005; 
Pisek and Chen, 2007; Weiss et al., 2007) as depicted in this study. The CYCLOPES LAI 
values were the lowest during the summer months indicating underestimation of LAI 
during these months. The LAI derived using the NN-MERIS TOC algorithm closely 
tracked the in situ LAI values especially the actual LAI measurements. The actual in-situ 
LAI values were consistently higher than the effective LAI (LAIe) values, underlining the 
need for correcting foliage clumping in LAI measurements.  
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Figure 3.5.Seasonal trend of LAI values derived from four satellite LAI products 
and in-situ (actual and effective) TRAC LAI measurements (The error bars on 
the GLOBCARBON and CYCLOPES graphs correspond to the prediction 
confidence interval of adjusting from 2007 to 2009 using the MODIS equation 
in Figure 3.3) 
 
The results from the evaluation of remote sensing products against in-situ (both actual 
and effective) LAI measurements are presented in Figure 3.6. Theil-Sen regression 
statistics for the comparison between the satellite products and actual in-situ LAI 
measurements are shown in Table 3.4 while the statistics for comparison between the 
satellite products and effective LAI (LAIe) are shown in Table 3.5. Apart from the 
CYCLOPES product, all the satellite products had a strong positive correlation (R
2 > 0.7) 
with the in-situ actual LAI values (Table 3.4). Similar observations were made for 
comparisons between the satellite datasets and the in situ effective LAI (LAIe) 
measurements (Table 3.5). The high positive correlation coefficients represented how Booker Ouma Ogutu    FAPAR/LAI Validation 
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well the satellite products tracked the phenological trend of the broadleaf deciduous 
forest. In this regard, the positive correlations imply that all the LAI products were able 
to track the seasonal changes of the actual in-situ LAI for this site. The level of 
agreement and bias of the satellite products when compared with the in-situ LAI 
measurements is indicated by the RMSE and relative error values respectively. 
Comparison between the actual in-situ LAI and the satellite products (Table 3.4) 
indicate that the NN-MERIS TOC algorithm had the best agreement (RMSE = 0.53), 
followed by CYCLOPES (RMSE = 0.62), then GLOBCARBON (RMSE = 1.05), and MODIS 
LAI had the least agreement (RMSE = 1.38). In terms of bias, the MODIS product had 
the highest relative error (RE = 0. 45) and hence the highest bias followed 
GLOBCARBON product (RE=0.14), then NN-MERIS (RE = 0.11) and lastly CYCLOPES (RE = 
0.04).   
 
Table 3.4: Statistics from the Theil-Sen regression comparing in-situ actual LAI 
and the satellite products 
Product  Slope  R
2  RMSE   Relative 
Error 
p 
value 
Slope Confidence 
Intervals 
            Lower 
95% 
Upper 
95% 
NN-MERIS  1.118  0.71  0.53  0.11  0.009  0.396  1.481 
               
GLOBCARBON  1.467  0.83  1.05  0.14  0.01  0.61  2.466 
               
CYCLOPES  0.541  0.4  0.62  0.04  0.074  -0.09  1.26 
               
MODIS  0.868  0.85  1.38  0.45  0.003  0.496  1.254 
 
 
Comparison of the effective LAI (LAIe) with satellite products (Table 3.5) indicates that 
apart from the CYCLOPES product, all the other satellite products had a high positive 
correlation (R
2 > 0.6) with the effective LAI (LAIe). The positive correlation mainly 
depicts the ability of these products to track the seasonal changes in the effective LAI 
(LAIe) values. In this regard, all the products apart from the CYCLOPES product were 
able to track the seasonal variation in the effective LAI (LAIe) of the study site. The 
performance of the algorithms in predicting the absolute effective LAI (LAIe) values for 
this study site is given by the RMSE and Relative error values (Table 3.5). The NN-MERIS 
and CYCLOPES had the best agreement and the least bias with the in-situ effective LAI 
(RMSE= 0.42; Relative Error = 0.03 and 0.52; Relative Error = 0.08 respectively), 
followed by GLOBCARBON (RMSE = 1.42; Relative Error = 0.32) and lastly MODIS LAI Booker Ouma Ogutu    FAPAR/LAI Validation 
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had the least agreement (RMSE = 1.83; Relative Error = 0.67). The high relative error by 
the MODIS product resulted from its overestimation of the in-situ LAI values as shown 
in the seasonal trend graph (Figure 3.5). The over-estimation of both the actual and 
effective LAI by the MODIS algorithm has been reported in other studies (e.g. Ahl et al., 
2006 and Weiss et al., 2007). The main reasons which have been suggested for this 
overestimation include: the mismatch between simulated and measured MODIS surface 
reflectance (due to non-optimal selection of radiative transfer parameters, especially 
spectral leaf albedo) and the high sensitivity of MODIS retrieval to surface reflectance 
uncertainties for large LAI (Shobanov et al., 2005; Weiss et al., 2007).  
 
Table 3.5: Statistics from the Theil-Sen regression comparing in-situ effective 
LAI (LAIe) and the satellite products 
  Product  Slope  R
2  RMSE  Relative 
error 
p 
value 
Slope Confidence 
Intervals 
            Lower 
95% 
Upper 
95% 
NN-MERIS  1.274  0.68  0.43  0.03  0.014  0.343  1.695 
               
GLOBCARBON  1.666  0.82  1.42  0.32  0.012  0.645  2.825 
               
CYCLOPES  0.614  0.37  0.52  0.11  0.084  -0.138  1.439 
               
MODIS  0.985  0.83  1.83  0.67  0.004  0.518  1.452 
               
 
The CYCLOPES and NN-MERIS LAI had better agreement with the in-situ effective LAI 
measurements (LAIe) (RMSE = 0.52 and RMSE = 0.43 respectively) than the actual LAI 
measurements (RMSE = 0.62 and RMSE = 0.53 respectively) (Table 3.5 and 3.4 
respectively).  The good agreement between the CYCLOPES and NN-MERIS LAI with the 
effective LAI could be attributed to the fact that the two datasets are derived using an 
algorithm which does not account for vegetation foliage clumping (Bacour et al., 2006; 
Baret et al., 2007; Weiss et al., 2007). This in effect produces effective LAI (LAIe) 
instead of the actual LAI. Even though the CYCLOPES product was closer to the 
effective LAI, it underestimated the in-situ effective LAI measurements (Figure 3.6). 
Other studies (e.g. Weiss et al., 2007) reported that the CYCLOPES product tended to 
underestimate peak in-situ LAI values. This was attributed to early saturation of the 
reflectance values used in its derivation.  
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The MODIS and GLOBCARBON LAI products were closer to the actual LAI values (RMSE = 
1.38 and RMSE = 1.05) than the effective LAI (LAIe) (RMSE = 1.83 and RMSE = 1.42) 
respectively. The GLOBCARBON and MODIS algorithms correct for foliage clumping and 
are therefore expected to be closer to the actual LAI measurements as opposed to the 
effective LAI (LAIe) measurements. Even though the two algorithms took into account 
foliage clumping, they both overestimated the LAI values especially during the summer 
months. The differences in the level of agreement between the satellite LAI products 
with the actual and effective LAI measurements indicate a need for a clear definition or 
indication of which LAI is being derived by an algorithm (i.e. whether it’s actual LAI or 
effective LAI).  Overall, the MODIS product consistently over-estimated LAI values for 
this biome for the entire growing season, the GLOBCARBON product overestimated the 
LAI during the summer months; the NN-MERIS algorithm produced LAI closest to the in-
situ LAI measurements while the CYCLOPES product seemed to under-estimate the 
summer in-situ LAI measurements.   
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Figure 3.6.Comparison between four LAI products and in-situ LAI 
measurements (Actual LAI and effective LAI-LAIe); (a) CYCLOPES versus TRAC 
LAI; (b) GLOBCARBON versus TRAC LAI; (c) NN-MERIS versus TRAC LAI; (d) 
MODIS versus TRAC LAI 
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3.3.1.3. Spatial consistency between LAI derived using NN-MERIS Top of 
Canopy algorithm and in-situ LAI measurements 
 
The mean of the in-situ LAI measurements within a 300 m pixel of the MERIS data was 
calculated and then compared with the LAI of that pixel derived using the NN-MERIS 
TOC algorithm. The Theil-Sen regression statistics for these comparisons for actual 
and effective LAI measurements are presented in Table 3.6 and Table 3.7 respectively. 
Figure 3.7 shows the scatter plot of the results for all the dates evaluated.  
 
Table 3.6: Theil-Sen regression statistics for comparison of in-situ actual LAI 
and NN-MERIS algorithm product  
 Date  Slope  R
2  RMSE  Relative 
error 
p value  Slope Confidence 
Intervals 
            Lower 
95% 
Upper 
95% 
16th Vs. 19th 
April 
-0.029  0.04  0.63  0.27  0.405  -0.169  0.074 
               
29th April Vs. 8th 
May 
0.313  0.42  1.08  0.42  0.009  0.117  0.603 
               
23rd Vs. 30th 
May 
0.331  0.79  0.52  0.11  0.001  0.216  0.507 
               
23rd Vs. 24th 
June 
0.153  0.71  0.64  0.04  0.026  0.033  0.308 
               
13th Vs. 14th 
October 
0.427  0.3  0.34  0.08  0.069  -0.033  0.74 
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Table 3.7: Theil-Sen regression statistics for comparison of in-situ effective LAI 
(LAIe) and NN-MERIS algorithm product 
 
Date  Slope  R
2  RMSE   Relativ
e error 
p value  Slope Confidence 
Intervals 
            Lower 
95% 
Upper 
95% 
16th Vs. 19th 
April 
-0.005  -0.04  0.34  0.13  0.955  -0.16  0.152 
               
29th April Vs. 8th 
May 
0.429  0.56  1.42  0.66  0.004  0.169  0.661 
               
23rd Vs. 30th 
May 
0.389  0.84  0.18  0.03  0.001  0.216  0.509 
               
23rd Vs. 24th 
June 
0.171  0.73  0.67  0.11  0.018  0.049  0.305 
               
13th Vs. 14th Oct  0.425  0.28  0.2  0.03  0.066  -0.033  0.812 
 
 
The results revealed a season dependent trend in the spatial consistency between the 
in-situ LAI and LAI derived using the NN-MERIS algorithm. During the early stages of 
the growing season, the spatial consistency between the two datasets was poor (e.g. in 
April the R
2 = 0.04 and -0.04 for actual LAI and effective LAIe respectively). The high p 
value at this time-step (p = 0.405 for actual LAI and p = 0.955 for LAIe) (Table 3.5 and 
3.6) indicates that there was no clear relationship between the in-situ LAI 
measurements and the NN-MERIS data at this time of growing season implying great 
disparity between the spatial pattern of the two datasets. The poor spatial relationship 
between the two datasets at this time of the growing season was due to the variability 
that existed in the two datasets.  The NN-MERIS TOC algorithm LAI exhibited low 
variability whereas the in-situ LAI values had higher variability (Figure 3.7). An 
explanation for the poor spatial consistency during the early stages of growing season 
could be the differences in the measurement strategies for the two datasets. While the 
satellite data (i.e. MERIS sensor data) records reflectance from both ground and canopy 
vegetation, the TRAC device only records data from the canopy. At this time of the 
growing season most of the data recorded by the sensor is from ground layer hence 
the uniformity in the LAI values (Figure 3.7). TRAC device data, on the other hand, is 
highly influenced by the woody biomass at this stage of growing season and hence the Booker Ouma Ogutu    FAPAR/LAI Validation 
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high variability in its dataset (Figure 3.7). Similar results have been observed in other 
studies involving the use of MODIS LAI data. Ahl et al (2006) showed that the greatest 
disparity between the MODIS LAI data and the local measurements occurred during the 
green-up stages in a growing season. They explained this disparity to be due to the 
fact that the instrument used for field measurements (i.e. the Plant Canopy Analyser 
PCA-LAI-2000) had potential problems of incorporating total plant area (branches and 
stem), and ignoring ground canopy reflectance. These factors could also be used to 
explain the disparity observed in the present study.  
 
By mid of spring (i.e. end of April and beginning of May), the spatial correlation 
between the two datasets improved significantly (p = 0.009 for actual LAI and p = 
0.004 for LAIe) and (R
2 = 0.42 for actual LAI, and R
2 = 0.56 for LAIe).  Towards the end 
of spring (i.e. end of May) the spatial relationship between the NN-MERIS and both the 
actual LAI and effective LAI was even significantly higher (R
2 = 0.79 for actual LAI; 0.84 
for effective LAI). The best spatial agreement was observed in the summer month of 
June (R
2 = 0.71 for actual LAI; 0.73 for effective LAI). The high correlation in the 
summer months between the in-situ LAI measurements and the NN-MERIS LAI values 
reported here is supported by other studies which reported similar results when 
comparing MODIS data with in-situ measurements (e.g. Ahl et al 2006; Wang et al 
2005). The improvement in the spatial consistency between the two datasets could be 
linked to the increase in the amount of leaves on the trees. At this stage of the growing 
season, the difference between the data being measured by the TRAC device and the 
MERIS sensor is minimized. The reflectance values of each of the pixels in the MERIS 
data used to derive NN-MERIS TOC LAI at this stage is dominated by over-storey canopy 
which is similar to data acquired by the TRAC device. 
 
In the autumn months, the spatial consistency between the two datasets reduced (e.g. 
in October the R
2 = 0.30 for actual LAI and R
2 = 0.28 for LAIe). The significant values 
also showed lack of clear spatial relationship between the in-situ and satellite datasets 
(i.e. p = 0.069 for actual LAI and p = 0.066 for effective LAI). A hypothesis to explain 
the increased variability in the NN-MERIS TOC LAI data (Figure 3.7)  at this stage of 
growing season could be the changes in the biochemical composition of the leaves 
(e.g. chlorophyll content) (Dawson et al., 2003). In the autumn season, chlorophyll in 
the leaves begin to decay. This decay is species specific (e.g. it was observed during 
the field campaign that Beech and Silver Birch leaves turned yellowish earlier than the 
oak trees). Depending on the location of these species in the study plot, the species 
specific changes in the leaves biochemical make-up will result in increased in variability 
of the reflectance recorded by the MERIS sensor. This resulted in increased variability 
in the LAI data derived using the NN-MERIS TOC algorithm. On the other hand, the Booker Ouma Ogutu    FAPAR/LAI Validation 
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TRAC device measures the size of the sun flecks penetrating through the canopy.  
Since the changes in the biochemical composition of the leaves does not necessarily 
imply a reduction in amount of leaves, the TRAC measurements may not detect the 
variability introduced by the changes in the leaves biochemical composition. Therefore, 
the low variability of LAI measured by the TRAC device and the high variability of LAI 
estimated using the NN-MERIS TOC algorithm in the autumn results in a reduction of 
the spatial consistency between the two datasets. This hypothesis could be tested 
further by designing an experiment where retrievals of LAI is done in sites dominated 
by leaves with varying composition of biochemical components and then comparing 
with LAI retrieval over sites with leaves of uniform biochemical composition(e.g. when 
all the leaves have changed colour). This would determine if indeed the variation in leaf 
chemical composition could lead to spatial variation in LAI retrievals from remote 
sensing data, especially in high spatial resolution data.  
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Figure 3.7.Spatial relationship between In-situ TRAC LAI (Actual LAI and 
Effective LAIe) and NN-MERIS TOC LAI at specific time-steps during the growing 
season; (a) mid-April; (b) late April –early May; (c) late May; (d) late June and (e) 
mid-October (See Table 3.6 for exact dates of observation).   
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3.3.2. Evaluation of fraction of absorbed photosynthetic active 
radiation (FAPAR) products derived from medium spatial resolution 
satellite datasets 
 
3.3.2.1. Comparison of the satellite FAPAR products  
 
The results from the comparison of four FAPAR products (i.e. MGVI, MODIS, CYCLOPES, 
and GLOBCARBON) over the broadleaf deciduous forests are shown in Figure 3.8.  
 
Even though it is expected that different FAPAR algorithms will lead to different FAPAR 
predictions, most of the FAPAR products evaluated had a high positive correlation (R
2 > 
0.5) indicating a good agreement between the products in predicting the seasonal 
variations of FAPAR for study site. The CYCLOPES and MGVI FAPAR products had the 
best agreement (R
2 = 0.71) in their prediction of the seasonal variation of the study 
site, while MGVI and MODIS FAPAR products had the least agreement (R
2 = 0.48). Most 
of the products had low RMSE values indicating good precision between their 
predictions of the FAPAR of this biome. The absolute values of MODIS FAPAR product 
had better agreement with the CYCLOPES FAPAR product (RMSE = 0.13) whereas the 
GLOBCARBON FAPAR product had better agreement with the MGVI FAPAR product 
(RMSE=0.14). Overall, the comparison of all the FAPAR products evaluated resulted in 
low p-values (p value<0.001) indicating that their predictions of this biome’s FAPAR 
were not significantly different. Even though the differences between the FAPAR 
products were not statistically significant, their absolute values differed. Some of the 
products predicted higher FAPAR values when compared to the other products (e.g. 
MODIS FAPAR had high FAPAR than the rest of the products while MGVI had the lowest 
FAPAR values). The difference in the definition and calculation procedure of FAPAR by 
the four algorithms is the main contributor to the dissimilarity between the products 
(Weiss et al., 2007; Gobron et al., 2008; McCallum et al., 2010).  
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Figure 3.8.Scatter-plot and regression statistics for comparison of four FAPAR 
dataset over a deciduous broadleaf forest biome in Southern England, UK. 
 
 
Both MODIS and GLOBCARBON algorithms use slightly similar approaches in calculating 
FAPAR. Both algorithms use a land cover dataset and a look-up table to derive FAPAR. 
Additionally they both require leaf area index (LAI) data to calculate the FAPAR values. 
The similarity in the approach between these two product may explain the better 
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agreement (R
2 = 0.64) observed between the two products. The CYCLOPES and MGVI 
FAPAR products on the other hand do not require a priori knowledge of the land cover 
type and do not use the look-up table approach. They directly exploit the reflectance 
from the sensors albeit through different methods to calculate FAPAR. The CYCLOPES 
product uses the neural network approach (Baret et al., 2007) to derive FAPAR from 
VGT sensor datasets, while the MGVI FAPAR product uses optimization techniques on 
decontaminated reflectance values to generate FAPAR(Gobron et al., 2002). The fact 
that the CYCLOPES and MGVI directly exploits reflectance values from a site may 
explain their good agreement (R
2 = 0.71), as this ensures that few errors are 
propagated as would happen if intermediate products were used. Apart from the 
procedures followed to calculate FAPAR by the four algorithms, their definition of 
FAPAR could also contribute to the variation in their results. For example, the MODIS 
and GLOBCARBON FAPAR products do not distinguish between the FAPAR absorbed by 
the photosynthetic and non-photosynthetic components of the canopy (Huemmrich et 
al., 2005; Cheng et al., 2006; Weiss et al., 2007). This could partly explain the 
consistently high FAPAR values observed for the MODIS FAPAR product in the present 
study. The CYCLOPES and MGVI FAPAR products on the other hand are optimized to 
generate FAPAR for the green components of the canopy by virtue of directly 
exploiting reflectance information in the red and near-infrared bands. This could partly 
explain the low FAPAR values predicted by the MGVI product.  
 
 
 
3.3.2.2. Direct evaluation of satellite derived FAPAR products against in-
situ FAPAR measurements 
 
Table 3.8 gives the results of regression statistics for comparison of the in-situ FAPAR 
measurements and satellite derived FAPAR (i.e. MGVI, MODIS, CYCLOPES, and 
GLOBCARBON).  
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Table 3.8: Theil-Sen regression statistics for comparison of in-situ FAPAR and 
satellite FAPAR products  
Product  Intercept  Slope  R
2  RMSE  Relative Error (%) 
MGVI  -0.3  1.01  0.63  0.10  15.82 
CYCLOPES  0.31  0.41  0.53  0.12  22.20 
MODIS  0.41  0.41  0.67  0.15  27.74 
GLOBCARBON  0.28  0.36  0.46  0.12  20.34 
 
The GLOBCARBON product had the lowest agreement (R
2=0.46) with the in-situ FAPAR 
measurements. MODIS, CYCLOPES and MGVI FAPAR products had a high positive 
correlation (R
2 > 0.5) with the in-situ measurement for this site (Table 3.8). Comparison 
of absolute values revealed that the MGVI FAPAR product had the lowest root mean 
square error (RMSE=0.10) and the least percentage relative error (15.82%) when 
compared with the in-situ FAPAR measurements (Table 3.8) implying that it predicted 
the FAPAR for this site better than the other products. MODIS FAPAR product on the 
other hand had a higher root mean square error (RMSE = 0.15) and also the highest 
percentage relative error (27.74%) implying less accuracy. Other studies comparing the 
FAPAR products with in-situ measurements have reported varying results. McCallum et 
al., (2010) reported that MODIS FAPAR always had values greater than the mean of the 
FAPAR products they evaluated while the CYCLOPES FAPAR product was only slightly 
higher than the mean. Weiss et al., (2007) indicated that MODIS FAPAR product tended 
to overestimate in-situ FAPAR values. They also reported that CYCLOPES FAPAR product 
was closer to the in-situ FAPAR measurements when compared with the MODIS FAPAR 
product which mirrors the findings from the present study. Additional studies 
investigating the MODIS FAPAR (e.g. Fensholt et al., 2004; Huemmrich et al., 2005; 
Steinberg et al., 2006; Cheng et al., 2006) also reported its overestimation of in-situ 
FAPAR measurements. Explanations suggested for the tendency of MODIS FAPAR 
product to overestimate in-situ FAPAR measurements include effects of soil 
background, lack of correction for foliage clumping, lack of accounting for FAPAR 
absorbed by non-photosynthetic components of the canopy,  and the stochastic nature 
of the radiative transfer solution that may incorporate higher FAPAR values in the 
retained possible solutions from which the average FAPAR is computed (Huemmrich et 
al., 2005; Cheng et al., 2006; Weiss et al., 2007). The MGVI FAPAR product was 
reported by Gobron et al., (2008) to predict lower FAPAR values than in-situ 
measurements, especially in the senescence period. This was suggested to be due to Booker Ouma Ogutu    FAPAR/LAI Validation 
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limitations in the manner in-situ measurements or calculations are undertaken. For 
example, calculation of in-situ FAPAR using the Beer-Bouguer-Lambert light extinction 
approach assumes a black canopy and does not take into account the light extinction 
by elements such as twigs and branches (Gobron et al., 2008). This would result in 
high in-situ FAPAR values. Furthermore, the pyranometers (e.g. the TRAC device) used 
in the present study also get influenced by non-green components of the canopy (e.g. 
branches and stem). Even though an attempt was made to correct for the influence of 
woody biomass and branches on the FAPAR derived from the TRAC device 
measurements in the present study, complete elimination of these effects is not 
possible. Therefore, the in-situ FAPAR values may still be higher than those from 
products which have been shown to track green FAPAR better like the MGVI product 
(Gobron et al., 2008). The GLOBCARBON FAPAR product had the least coefficient of 
correlation (R
2 < 0.5) with the in-situ LAI measurements. An explanation for this is that 
the original dataset were available at monthly time-steps and had to be interpolated to 
the specific in-situ data collection dates. The interpolation of the monthly datasets 
would smooth out the variations in these datasets and may make it less comparable to 
the in-situ measurements.  
 
 
3.4. Conclusion 
 
Even though all the LAI products compared were able to track the phenological trend 
of LAI of the study site, they had some differences. The MODIS LAI algorithm was 
consistently higher throughout the growing season indicating LAI overestimation. The 
GLOBCARBON LAI product over-estimated LAI during the summer months. The NN-
MERIS algorithm had the best agreement with the in-situ LAI measurements while the 
LAI from the CYCLOPES product were lower than the in-situ LAI values. The CYCLOPES 
and NN-MERIS LAI data were better correlated to the in-situ effective LAI (LAIe) values 
than the actual LAI values. The MODIS and GLOBCARBON LAI products on the other had 
a good correlation with the actual as opposed to effective LAI (LAIe) values. These 
results show the importance of the need for a clear definition of the LAI being 
estimated by an algorithm (i.e. whether effective or actual LAI). Comparison of the four 
algorithms showed differences in their prediction of the LAI of the study site pointing 
to a need for continued effort to harmonize these algorithms so that their products 
could be used interchangeably. Evaluation of spatial consistency between the LAI 
estimated using the NN-MERIS TOC algorithm and the in-situ LAI measurements 
revealed a season dependency trend. During the early spring and autumn season, the 
spatial consistency between the two datasets was low whereas in late spring and Booker Ouma Ogutu    FAPAR/LAI Validation 
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summer season (when the trees are in full leaf), the spatial consistency between the 
datasets was high.  
 
The comparison of the satellite FAPAR products showed high positive correlation 
between the products implying a convergence in the definition of the biophysical 
variable derived by the algorithms. The products derived following similar procedures 
exhibited stronger correlations with each other. The MODIS FAPAR product had a good 
agreement with the GLOBCARBON FAPAR products while the CYCLOPES FAPAR product 
was better correlated with the MGVI product. Comparison of the FAPAR products with 
the in-situ FAPAR measurements showed that the MODIS FAPAR product had the 
highest percentage relative error while the MGVI had the least percentage relative 
error. The MODIS FAPAR also had the highest overestimation of the in-situ FAPAR 
values for this biome, followed by CYCLOPES FAPAR product. The MGVI FAPAR product 
underestimated FAPAR for this biome.  
 
In summary, this chapter investigated the accuracy of operational LAI and FAPAR 
products in representing the in-situ measurements of these biophysical variables over 
a broadleaf deciduous forest site. Given that FAPAR and LAI have been identified as key 
terrestrial biophysical variables in climate change research and global terrestrial 
ecosystem productivity modelling, their accurate estimation is vital. FAPAR in 
particular, is a key input parameter in most remote sensing based ecosystem 
productivity models and its accuracy will influence the output from these models. 
Furthermore, in some models FAPAR is derived as a function of LAI and hence the 
accuracy of the LAI products would influence the accuracy of the FAPAR estimates. 
Overall, the differences in the biophysical variables (i.e. FAPAR and LAI) predicted by 
the algorithms was linked to the differences in the definition and methods employed to 
derive these variables. Therefore, there is need to harmonize the definitions and the 
methods of deriving of these variables. The current study and other previous studies 
have shown that most of the FAPAR products over-estimated in-situ FAPAR. In their 
design, none of the FAPAR products accounted explicitly for the contribution of non-
photosynthetic components of the canopy (e.g. stem, branches, leaf-cell wall). Since 
these canopy components are not involved in photosynthesis, utilization of these 
FAPAR products in ecosystem productivity modelling may result in overestimation of 
productivity. Therefore, there is a need to investigate how the use of these FAPAR 
products in ecosystem modelling influences the output of those models. Secondly 
there is a need for designing FAPAR products which explicitly account for non-
photosynthetic components of the canopy.  
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Chapter 4: Assessing the accuracy of three 
production efficiency models in simulating 
gross carbon uptake across multiple biomes 
in conterminous USA 
 
4.1. Introduction 
 
The influence of terrestrial biosphere on the global carbon balance and hence the 
problem of timing and magnitude of possible climate change is well recognized (IPCC, 
2007). The uptake of CO
2 by terrestrial ecosystems reduces the rate of atmospheric 
carbon build-up while clearing of forests releases CO
2 into the atmosphere (Cramer et 
al., 1999; IPCC, 2007). The primary productivity of terrestrial vegetation represents the 
flux of carbon into ecosystems via photosynthetic assimilation and is the critical flux 
that drives the carbon cycle. Direct measurement of carbon exchange at regional to 
global scales is impractical and as such, a number of models have been developed for 
this purpose (e.g.  Leith, 1975; Potter et al., 1993; Running and Hunt, 1993; Esser et 
al., 1994; Ruimy et al., 1996; Veroustraete et al., 2002; Sitch et al., 2003; Running et 
al., 2004). 
 
A group of models referred to as production efficiency models (PEM) have proved 
useful in estimating regional to global terrestrial carbon exchange (e.g. Potter et al., 
1993; Ruimy et al., 1996; Veroustraete et al., 2002; Running et al., 2004). Their 
popularity is due to the simplicity of the concept behind them, that is, the light use 
efficiency concept (Monteith, 1972; 1977) and the availability of remote sensing data 
to drive them. Even though the PEMs are relatively simple, their performance in 
describing the carbon budget has been shown to vary (Cramer et al., 1999; Nightingale 
et al., 2007; Jung et al., 2007, 2008). These differences have been attributed to 
uncertainties in these models. The main sources of uncertainties have been identified 
as the differences in the initial model conditions, model parameters, model structures 
and accuracy of input datasets (McGuire et al., 2001; Moorcroft, 2006; Morales et al., 
2005; Wang et al., 2011). The first two sources of uncertainty are normally addressed 
in model experiments (e.g. through model spin-up and calibration) (Wang et al., 2011). 
The structural uncertainty often results from different representation and simplification 
assumptions of the ecological processes in the different models (Wang et al., 2011). Booker Ouma Ogutu    Accuracy of PEM Models 
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Due to the structural differences, it is expected that no two models would give 
identical results (Wang et al., 2011).  However, it is important to understand how these 
differences in structural formulation influence the output from these models.  
 
Different approaches have been employed to diagnose the variation of the models 
outputs caused by individual model’s structural differences. One such approach 
involves direct comparison of each model’s mathematical formulation (e.g. Adams et 
al., 2004). However, this method is usually difficult to implement in complicated 
systems such as terrestrial ecosystems (Wang et al., 2011). An alternative approach is 
the use of numerical experiments with multimodel ensembles (MME) (e.g. Cramer et 
al., 1999; Cramer et al., 2001; Wang et al., 2011). In general, the MME experiment 
runs a group of models with the same input data and under the same initial/boundary 
conditions. The multimodel output means are then treated as the best simulation 
results and the intermodal differences are used as a measure of the model’s structural 
uncertainty (Tebaldi and Knutti, 2007; Wang et al., 2011).  
 
Another approach that has been used to evaluate the performance of the production 
efficiency models is to compare their predictions directly with in-situ GPP 
measurements usually undertaken at eddy covariance flux tower sites (e.g. Turner et 
al., 2006; Heinsch et al., 2006; Nightingale et al., 2007; Jung et al., 2007; 2008). This 
approach is however not free from uncertainties. For example, there are measurement 
uncertainties and scaling issues with the flux tower data (Baldocchi, 2003), and the 
satellite products such as the fraction of absorbed photosynthetic active radiation 
(FAPAR) used in the models are strictly not observations but derived model outputs. 
Furthermore, simply comparing the model outputs with reference data does not 
indicate the reasons why they agree/not agree with each other (Wang et al., 2011). 
These shortcomings notwithstanding, this approach is easy to implement and has been 
employed in many previous studies (e.g. Turner et al., 2006; Heinsch et al., 2006; 
Nightingale et al., 2007; Jung et al., 2007; 2008). 
 
This chapter presents an evaluation of the capacity of three production efficiency 
models: the Carnegie-Ames-Stanford Approach (CASA) model (Potter et al., 1993), the 
C-Fix model (Veroustraete et al., 2002), and MOD17 model (Running et al., 2000) in 
predicting carbon exchange across various biomes in conterminous USA. The aim of 
this exercise was to understand how the structural differences in these models 
influence their performance. The primary productivity predicted by these models was 
compared with carbon exchange measured at eddy covariance (EC) flux tower sites 
across conterminous USA. The influence of the input datasets (i.e. the climatic and 
biophysical variables) on the performance of the models was also analysed. Booker Ouma Ogutu    Accuracy of PEM Models 
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Furthermore, the GPP output from the models was decomposed into absorbed 
photosynthetic active radiation (APAR) and light use efficiency (LUE) in order to 
understand how these two parameters contributed to the uncertainties in the GPP 
simulated by the models in different biomes.  
 
4.2. Materials and Methods 
 
4.2.1. Production Efficiency Models  
 
Table 4.1 gives a summary of the major features of the three production efficiency 
models (PEM) evaluated in the present study. Detailed descriptions of these models are 
given in the literature review section (chapter 2). The MOD17 model was not run in the 
present study instead processed MOD17 GPP product data were acquired from the 
MODIS products website (https:// lpdaac.usgs.gov/lpdaac/ products) for subsequent 
analysis. The C-Fix code was acquired from the originator (Dr. Frank Veroustraete, 
University of Antwerp).  The version of the Carnegie-CASA code used in the present 
study was acquired from Dr. Guido van der Werf, VU University in Amsterdam. It is a 
modified CASA model which incorporates the influence of fire in ecosystem 
productivity (van der Werf et al., 2003).  
 
Table 4.1 Broad features of the production efficiency models (PEM) evaluated  
Model  Model Formulation  Input datasets  Temporal 
resolution 
Reference 
Carnegie-
CASA 
**NPP= f(Srad, FPAR, Temp, 
AET/PET, LUE) 
*NDVI,SolRad, 
Precipitation, Soil 
Texture,Vegetation 
map, Soil nitrogen 
and carbon  
1 month  Potter et al 
1993 
C-Fix  GPP = f(Temp, CO
2fert., 
FAPAR, Srad, RUE) 
*NDVI,Solrad, Temp  1 day  2002 version 
Veroustraete 
et al., 2002 
MOD17  GPP= f(PAR,FAPAR,Temp, 
VPD, LUE) 
LAI,PAR, FAPAR, 
Temp,Vapour 
pressure deficit,  
8-days  Running et 
al., 2000 
*NDVI= the models were modified also to run on FAPAR data directly; **NPP = to 
calculate GPP from NPP, it was assumed that NPP and GPP had a ratio of 1:2 (Waring et 
al., 1998; Wang et al., 2011) 
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4.2.2. Eddy Covariance Flux Tower Data 
 
The eddy covariance (EC) tower data used in this study were obtained from the 
AmeriFlux website (http://public.ornl.gov/ameriflux). The eight EC flux tower sites 
included in this study (Table 4.2) represented five major terrestrial biomes: croplands, 
deciduous broadleaf forest, evergreen needleleaf forest, grassland, and woodland 
savanna. Eddy covariance systems directly measure net ecosystem exchange (NEE) 
rather than GPP. To estimate GPP, it is necessary to estimate daytime respiration (R
d):  
 
    =    −      ………………………………         4.1. 
 
Where NEE
d is daytime NEE. Daytime ecosystem respiration (R
d) is usually estimated by 
using daytime temperature and an equation describing the temperature-dependent 
respiration. The temperature-dependent respiration is usually developed from night-
time NEE measurements. Night time NEE represents night time respiration (autotrophic 
and heterotrophic) as plants do not photosynthesize at night. Comprehensive 
descriptions of how NEE, GPP, R
d are derived from EC flux measurements  and the gap 
filling methods used to estimate missing values can be found in Baldocchi et al., 
(2001); Moffat et al., (2007). GPP data filled using the marginal distribution sampling 
(MDS) method (Reichstein et al., 2005) for each of the EC flux sites (Table 4.2) were 
used in the present study.  Even though the flux tower measurements are useful in 
validating primary productivity estimates from models, it is worth noting that the flux 
towers have a small footprint. This small footprint means that the flux tower data may 
not be directly comparable to the remote sensing data and hence may introduce 
further uncertainties during model output validation. Furthermore, the actual 
measurements using the eddy covariance technique is also not without uncertainties 
(Baldocchi et al., 2001, 2003). These limitations notwithstanding, flux tower datasets 
have been used in several studies to calibrate and validate many production efficiency 
models (e.g. Xiao et al., 2004; Veroustraete et al., 2006; Jung et al., 2007, 2008; 
Makela et al., 2008; King et al., 2011).
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Table 4.2: Description of the flux tower sites used in validating the results 
from this study 
Site  Latitude  Longitude   Vegetation type  Climate type  Reference 
Bondville  40.0062  -88.2904  Crop(Soybean/corn)  Temperate  Meyers and 
Hollinger 
(2004) 
Mead 
Irrigated 
41.1651  -96.4766  Crop(Corn)  Temperate  Verma et 
al.,(2005) 
Donaldson  29.7548  -82.1633  Evergreen needleleaf 
forest(ENF) 
Mediterranean  Gholz and 
Clark (2002) 
Morgan 
Monroe 
39.3232  -86.4131  Deciduous broadleaf 
forest(DBF) 
Temperate 
continental 
Schmid et al., 
(2000) 
Niwot Ridge  40.0329  -105.5464  Evergreen needleleaf 
forest (ENF) 
Temperate  Monson et 
al., (2002) 
Tonzi Ranch  38.4316  -120.966  Woodland savanna  Mediterranean  (Baldocchi et 
al., 2004) 
UMBS  45.5598  -84.7138  Deciduous broadleaf 
forest(DBF) 
Temperate 
northern 
Curtis et al., 
(2005) 
Walnut River  37.5208  -96.855  Grassland (C3/C4 
mixed) 
Temperate 
continental 
Song et al., 
(2005) 
 
 
4.2.3. Climatology Data  
 
4.2.3.1. Solar Radiation data 
 
The solar radiation (irradiance) dataset used in the CASA and C-Fix models was derived 
from the USA National Solar Radiation Database (NSRDB) downloaded from 
(http://rredc.nrel.gov/solar/old_data/nsrdb/1991-2005/). The datasets are produced 
using the Meteorological-Statistical (METSTAT) model (Maxwell, 1998). The METSTAT 
model data is based on estimates from meteorological data. The NSRDB datasets 
includes measurements from 1454 stations across conterminous USA (Figure 4.1). The 
dataset comes with a quality flag and only data of good quality was used in subsequent 
analysis. Booker Ouma Ogutu    Accuracy of PEM Models 
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Figure 4.1.Distribution of solar radiation points across conterminous USA.  
 
4.2.3.2. Temperature and Precipitation Data 
 
The daily climate data (Temperature and Precipitation) was acquired from the NOAA’s 
National Climatic Data Centre site (http://www7.ncdc.noaa.gov /CDO/ data product). 
The database contains data from several stations (i.e. >2000 stations) across USA 
(Figure 4.2). The data is presented in point format and were interpolated to cover the 
whole of conterminous USA.  
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Figure 4.2.Distribution of precipitation and temperature points across 
conterminous USA.  
 
4.2.4. Land Cover Dataset 
 
The land cover data used in the CASA model was acquired from the 2005 North 
America Land Cover dataset produced as part of the North America Land Change 
Monitoring System (NALCMS) (http://landcover.usgs.gov/nalcms.php). The land cover 
is at 250m spatial resolution and is based on observations acquired by the MODIS 
Sensor. This land cover map is a result of a joint project between USA, Canada, and 
Mexico. The land cover product has 19 land cover classes defined using the Land 
Cover Classification System (LCCS) standard developed by the Food and Agriculture 
Organization (FAO). The land cover map was reclassified (Table 4.3) and resampled to 
1km spatial resolution to the meet the criteria for land cover/plant functional types 
required by the CASA model (Porter et al., 1993; van der Werf et al., 2003). 
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Table 4.3: Compatibility between the 2005 North America land cover map and 
Carnegie-CASA land cover classes 
CASA 
Class 
CASA-Vegetation 
Description 
  2005 North America Land Cover Class 
1  Broadleaf evergreen 
trees 
  Tropical or sub-tropical broadleaf evergreen 
2  Broadleaf deciduous 
trees 
  Tropical or sub-tropical broadleaf 
deciduous/Temperate or sub-polar broadleaf 
deciduous 
3  Broadleaf and 
needleleaf trees 
  Mixed Forest 
4  Needleleaf evergreen 
trees 
  Temperate or sub-polar needleleaf forest/Sub-
polar taiga needleleaf forest 
6  Needleleaf deciduous 
trees 
  Temperate or sub-polar needleleaf forest/Sub-
polar taiga needleleaf forest 
6  Broadleaf trees with 
groundcover 
  Tropical or sub-tropical broadleaf 
deciduous/Temperate or sub-polar broadleaf 
deciduous 
7  Perennial grasslands    Tropical or sub-tropical grassland/Temperate or 
sub-polar grassland 
8  Broadleaf shrub with 
grassland 
  Tropical or sub-tropical shrubland 
9  Broadleaf shrub with 
bare soil 
  Tropical or sub-tropical shrubland 
10  Tundra    Sub-polar or polar shrubland-lichen-moss/Sub-
polar or polar grassland-lichen-moss/Sub-polar or 
polar barren-lichen-moss 
11  Bare soil and desert    Barren Lands/Urban and Built-up 
12  Cultivation    Cropland 
13  Ice    Wetland/Water/Snow and Ice 
 
 
4.2.5. Soil Texture Dataset 
 
The soil texture dataset was derived from the ISRIC-WISE-World Soil Information 
Database (http://www.isric.org/data/data-and-applications). The WISE database is a 
harmonized, gridded global dataset of soil parameter estimates at a spatial resolution 
of 0.5 degrees. It has been prepared using: (1) the spatial data from the 1:5 million 
scale FAO-UNESCO soil map of the world and (2) soil parameter estimates derived from Booker Ouma Ogutu    Accuracy of PEM Models 
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the ISRIC’s WISE database (Batjes, 2006).  The dataset contains 19 soil variables that 
are commonly required for agro-ecological zoning, land evaluation, crop-growth 
simulation, modelling of soil gaseous emissions and analysis of global environmental 
change. Of interest in our study was the particle size distribution layer (i.e. content of 
sand, clay and silt). This layer was used to derive soil texture classes for the USA. 
Seven soil texture classes were derived based on the proportion of the particle size 
distribution in each pixel following percentages prescribed in the version of the CASA 
model used in the present study. The soil texture classes followed encoding proposed 
by Zobler, (1986) and included: 1-Coarse, 2-Medium, 3-Fine, 4-Coarse Medium, 5- 
Coarse Fine, 6-Medium Fine, and 7-Organic.  
 
4.2.6. MODIS FAPAR Product 
 
Collection 5 MODIS FAPAR products at 1km spatial resolution and 8-day composite 
period were acquired from the Earth Observation System (EROS) Data Active Archive 
Centre (https://lpdaac.usgs.gov/lpdaac/products/). The MODIS FAPAR product is 
defined as the instantaneous FAPAR (400-700nm) at the time of the satellite overpass. 
It does not account for the woody components of the canopy, which amounts to 
inclusion of FAPAR by non-green photosynthetic elements in the product. The MODIS 
FAPAR product is derived by a main algorithm that uses a lookup table (LUT) method to 
achieve inversion of a three dimensional radiative transfer problem and a back-up 
algorithm that uses an empirical relationship between FAPAR and vegetation indices 
(Knyazikhin et al., 1998; Myneni et al., 2002). The main algorithm usually produces the 
best quality FAPAR retrievals whereas the results from the back-up vegetation indices 
based algorithm are usually of poor quality (Shobanov et al., 2005). The MODIS FAPAR 
product is accompanied by a quality control (QC) flag which we examined to ensure 
that only data of good quality was used in subsequent analysis. 
 
4.2.7. Experimental Design 
 
4.2.7.1. Modelling Strategy 
 
All the point datasets (i.e. precipitation, temperature, and solar radiation) were 
transformed into raster data by interpolation using the inverse distance weighting 
approach in a GIS setting. All the raster data were then transformed into uniform 
spatial resolution (1km) by resampling based on the nearest neighbour algorithm. The 
daily data were transformed to an 8-day temporal resolution by calculating their Booker Ouma Ogutu    Accuracy of PEM Models 
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arithmetic means. This was done to match the data to the temporal resolution of the 
MODIS FAPAR product used to drive the CASA and C-Fix models. The CASA and C-Fix 
models were run for 5 years (2001-2005). The results from the CASA, C-Fix, and 
MOD17 models were evaluated against eddy covariance flux tower GPP measurements 
for selected sites (Table 4.2) across conterminous USA. GPP values for a 3 by 3 grid-
cells over the selected flux tower sites were extracted from the CASA, C-Fix and 
MOD17 model GPP output files for the purpose of evaluation against the eddy 
covariance flux tower GPP measurements.  
 
4.2.7.2. Decomposing GPP into absorbed photosynthetic active radiation 
(APAR) and Light Use Efficiency (LUE) 
 
In order to gain a better understanding of the differences in the GPP simulations by the 
models, the GPP was decomposed into APAR and LUE: 
 
    =      ×     …………………….....         4.2 
 
APAR is calculated from FAPAR (fraction of absorbed photosynthetically active 
radiation) and PAR (photosynthetic radiation).  To calculate the LUE at every stage of 
the model’s simulations, the GPP was divided by APAR (Jung et al., 2007). It was 
assumed that the final LUE value used to generate the GPP in Equation 4.2 above was 
already reduced by model specific scalars (e.g. vapour pressure deficit and 
temperature). For C-Fix and CASA models, all the boundary conditions and input 
datasets were similar; hence their realised LUE was calculated using the input datasets. 
For the MOD17 GPP product data from the flux tower sites were used to calculate the 
biome-specific realised LUE. 
 
4.2.7.3. Data Analysis 
 
The Theil-Sen regression method (Theil, 1950; Sen, 1968; Wilcox, 2004; Fernandes and 
Leblanc, 2005) and root mean square error (RMSE) was used to evaluate how well the 
GPP model outputs compared with the eddy covariance flux tower GPP measurements. 
The contribution of the structural differences of the models (MOD17, CASA and C-Fix) 
to the differences of the model’s results was analysed. This was done by checking the 
relationship between the GPP output from the models with the major input climate 
drivers as well as the main vegetation biophysical variable (i.e. MODIS FAPAR). Booker Ouma Ogutu    Accuracy of PEM Models 
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Coefficient of determination was calculated using the Theil-Sen regression approach to 
characterise the influence of the various input parameters on the model’s output.  
 
 
4.3. Results  
 
 4.3.1. Seasonal dynamics of GPP from the PEM models and flux 
tower measurements  
 
The seasonal dynamics of GPP predicted by the three PEM models (i.e. CASA, C-Fix and 
MOD17) (Figure 4.3) varied between the analysed biomes.  
 
Figure 4.3 (a, and b) shows the seasonal dynamics of GPP at two cropland sites (i.e. the 
Bondville site - corn and soya rotation, and Mead Irrigated site - corn plantation). All 
the models tracked the seasonal dynamics of the in-situ GPP for this biome relatively 
well as indicated by the high positive correlation (R
2 > 0.6, Table 4.4). However, there 
were variations in the magnitude of the GPP values predicted by the models in 
comparison with the in-situ GPP measurements. All the PEM models underestimated 
the GPP values for the two crop sites. At the Bondville site, the CASA and C-Fix 
underestimated the peak GPP by a magnitude of between 5-10 gCm
-2day
-1 whereas for 
the MOD17 model the magnitude was between 10-15 gCm
-2day
-1. At the Bondville site, 
the productivity appears to be low in the year 2001 and 2002 when compared to the 
rest of the years evaluated. This is explained by crop rotation, that is, in 2001 and 
2002 soybean was planted whereas in the rest of the years corn was planted. At the 
Mead site, the models underestimated GPP by a magnitude between 15-20 gCm
-2day
-1. 
Other studies which investigated the performance of MOD17 algorithm reported its 
tendency to underestimate GPP of productive ecosystems such as croplands (e.g. 
Heinsch et al., 2006; Turner et al., 2006; Nightingale et al., 2007).  
 
In the evergreen needleleaf forest biomes, the performances of the models varied 
between the two climatic zones (i.e. Niwot Ridge site in a temperate climatic zone and 
Donaldson site in a mediterranean climatic zone-Table 4.3). While the models were 
able to capture the seasonal GPP dynamics at the Niwot Ridge site relatively well as 
indicated by the high positive correlation ( R
2 > 0.5, Table 4.4), they performed poorly 
at the Donaldson site (R
2 < 0.2, Table 4.4). At the Niwot Ridge site, the CASA and C-Fix 
models overestimated the GPP, especially during the peak of growing season (by a 
magnitude of approximately 5 gCm
-2day
-1) (Figure 4.3c). The MOD17 model on the Booker Ouma Ogutu    Accuracy of PEM Models 
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other hand predicted GPP which were closer to the in-situ measurements at this site. At 
the Donaldson mediterranean site, the MOD17 and the C-Fix models predicted 
unimodal productivity. The CASA model seemed to predict bi-modal productivity for 
this site; which was also marginally observed in the in-situ EC flux tower 
measurements. Overall, all the models over-estimated the productivity at the 
Donaldson site by a magnitude of 5-10gCm
-2day
-1. 
 
The results from the deciduous broadleaf forest biomes (i.e. Morgan Monroe and UMBS 
sites: Figures 4.3 (e, and f)) indicate that the three models had good agreement (R
2 > 
0.75, Table 4.4) with in-situ GPP measurements. Overall, the three models performed 
better at predicting the seasonal GPP dynamics of this biome than all the other 
evaluated biomes. The CASA and C-Fix models slightly over-estimated the GPP of this 
biome whereas the MOD17 model marginally underestimated the productivity of this 
biome especially in the peak growing season.  
 
At the Tonzi savanna woodland site, the CASA and C-Fix models predicted GPP values 
which were less correlated (R
2 < 0.5, Table 4.4.) with the in-situ EC measurements 
(Figure 4.3g). The MOD17 GPP product had better agreement with the in-situ 
measurements (R
2 = 0.67). The CASA model seems to predict a bimodal productivity 
for this site which was not captured by the other two models. Both the CASA and C-Fix 
models predicted a late onset of reduction in productivity and hence a longer growing 
season. Overall, the CASA and C-Fix models overestimated the GPP of this biome by a 
magnitude of 5gCm
-2day
-1, whereas the MOD17 model marginally underestimated its in-
situ GPP. 
 
The three models captured the seasonal GPP dynamics for the temperate grassland 
biome (i.e. Walnut River Site, Figure 4.3h) relatively well (R
2 > 0.75, Table 4.4). 
However, there were differences in the performance of the models. The CASA and C-Fix 
models predicted GPP values which were closer to the in-situ GPP measurements, while 
MOD17 model underestimated in-situ GPP at this site by a magnitude of approximately 
5gCm
-2day
-1 during the peak of the growing season. Booker Ouma Ogutu    Accuracy of PEM Models 
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Figure 4.3.Seasonal GPP trends for evaluated biomes (a = Bondville cropland; b 
= Mead cropland; c = Niwot Ridge ENF; d = Donaldson ENF; e = Morgan Monroe 
DBF; f = UMBS DBF; g = Tonzi Woodland savanna; h = Walnut River grassland) 
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Table 4.4: Mean statistics (2001-2005) for comparisons between the in-situ 
GPP measurements and PEM derived GPP for the evaluated the flux tower sites 
Site/Biome  MOD17 Model    CASA Model    C-Fix Model 
  Slope   R
2   RMSE    Slope  R
2  RMSE    Slope  R
2  RMSE 
Bondville-
Cropland 
0.25  0.71  4.47    0.66  0.74  2.84    0.63  0.72  2.87 
Mead-
Irrigated-
Cropland 
0.20  0.68  6.67    0.41  0.64  4.84    0.41  0.68  4.84 
Niwot 
Ridge-ENF 
0.69  0.72  1.08    1.17  0.56  2.94    1.33  0.64  2.70 
Donaldson-
ENF 
0.87  0.12  2.62    1.02  0.08  5.94    1.21  0.13  3.94 
Morgan 
Monroe-DBF 
0.69  0.77  1.92    1.13  0.75  3.88    1.11  0.85  2.59 
UMBS-DBF  0.73  0.89  1.60    1.16  0.80  2.75    1.05  0.93  1.32 
Tonzi-
Woodland 
Savanna 
0.48  0.67  1.31    0.84  0.43  2.72    0.76  0.28  2.61 
Walnut 
River-
Grassland 
0.52  0.88  1.82    1.17  0.77  2.56    1.15  0.88  1.68 
 
 
4.3.2. Variation in GPP predictions from the PEM models across the 
evaluated biomes  
 
Analysis of the absolute values predicted by the GPP models against in-situ flux tower 
measurements for each site and each biome are presented in Table 4.4, 4.5 and 4.6. 
Results in Table 4.4 show the correlation coefficient, root mean square error, and the 
slope values (representing bias of the models) for each study site. Table 4.5 represents 
the mean daily GPP predictions for each of the study sites compared with the in-situ 
mean daily GPP measurements. Finally, Table 4.6 represents the comparison of the 
accuracy of the models in predicting GPP for the analysed biomes.   
 
At the Bondville cropland site, the CASA model performed slightly better (RMSE = 2.84) 
than the C-Fix model (RMSE= 2.87). MOD17 performed poorly (RMSE=4.47) in 
predicting the GPP of this site (Table 4.4). All the models underestimated the in-situ 
GPP of this site (slope < 1, Table 4.4). The underestimation is also captured in the Booker Ouma Ogutu    Accuracy of PEM Models 
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comparison of the mean daily GPP values (Table 4.5). At the Mead cropland site, the 
CASA model (RMSE = 4.84) and C-Fix model (RMSE=4.84) performed better than 
MOD17 model (RMSE = 6.67) in predicting the in-situ GPP of this site. However, all the 
models underestimated the mean daily in-situ GPP for this site, with the MOD17 model 
predicting the lowest values (Table 4.5).  
 
In the evergreen needleleaf forest sites, the MOD17 model performed better in 
predicting the absolute in-situ GPP measurements for the two sites (i.e. Niwot Ridge 
Site RMSE= 1.08 and Donaldson site RMSE= 2.62) when compared with the CASA and 
C-Fix models (Table 4.4). However, all the models overestimated the mean daily GPP 
for the Donaldson ENF site (Table 4.5).  
 
All the models had better agreement (low RMSE values, Table 4.4) in their prediction of 
absolute values of in-situ GPP for the deciduous broadleaf forest (DBF) sites (i.e. 
Morgan Monroe and UMBS sites). Overall, the CASA and C-Fix models marginally 
overestimated while the MOD17 slightly underestimated the mean in-situ GPP 
measurements for the two DBF sites (Table 4.5).  
 
The model’s predictions for the woodland savanna biome (i.e. The Tonzi site) indicated 
an overestimation of the mean daily in-situ GPP measurements by the CASA and C-Fix 
models and a marginal underestimation by the MOD17 model (Table 4.5). In terms of 
performance, the MOD17 model was more accurate (RMSE= 1.31) at predicting in-situ 
GPP measurements at the Tonzi woodland savanna site than the C-Fix (RMSE = 2.61) 
and CASA (RMSE = 2.72) models (Table 4.4).  
 
At the temperate grassland site (i.e. the Walnut River site), the CASA and C-Fix models 
predicted GPP values closer to the in-situ mean daily GPP measurements, while MOD17 
model underestimated in-situ GPP of this biome (Table 4.5). The accuracy of the 
models in predicting the in-situ GPP at the temperate grassland site show that the C-Fix 
model performed better (RMSE = 1.68) than the CASA (RMSE = 2.56) and MOD17 (RMSE 
= 1.82) models (Table 4.4). 
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Table 4.5: Mean daily GPP predictions (gCm
-2day
-1) (calculated by dividing the 
total annual GPP by number of days) from the PEM models and EC flux tower 
measurements  
Site/Biome  CASA-GPP  C-Fix GPP  MOD17-GPP  Flux-Tower-GPP 
Bondville-Cropland  4.12  3.32  1.62  4.72 
Mead-Irrigated-
Cropland 
4.33  3.30  1.69  7.34 
Niwot Ridge-ENF  4.33  3.55  1.66  2.60 
Donaldson-ENF  10.00  7.68  6.36  5.18 
Morgan Monroe-DBF  6.84  6.28  3.82  5.80 
UMBS-DBF  6.38  5.59  3.65  5.19 
Tonzi-Woodland 
savanna 
4.65  4.15  2.04  2.45 
Walnut River-
Temperate Grassland 
4.95  3.98  1.84  3.13 
 
 
Comparison of biome-specific performance of the models with the in-situ biome GPP 
measurements are presented in Table 4.6 and Figure 4.4. At the cropland sites, all the 
three models underestimated the in-situ GPP measurements as indicated by their 
values falling below the 1:1 line (Figure 4.4(a)). This resulted in high RMSE values 
(RMSE > 4 gCm
-2day
-1, Table 4.6) from all the models implying low accuracy of the 
models in this biome.  
 
In the evergreen needleleaf forest biome, the MOD17 model had the best agreement 
with in-situ GPP measurements (RMSE = 1.93) followed by the C-Fix model (RMSE = 
3.34) and lastly CASA model (RMSE = 4.53). However, all the models overestimated the 
in-situ GPP measurements of this biome (i.e. values above the 1:1 line), especially 
during high productivity (Figure 4.4 (b)). In the deciduous broadleaf forest (DBF) biome, 
the models predicted values which were closer to the in-situ GPP measurements (i.e. 
values closer to the 1:1 line) (Figure 4.4 (c)) than the rest of the biomes analysed 
(Figure 4.4 a, b, d, e). At this biome, the MOD17 model had the best agreement with 
in-situ GPP measurements (RMSE = 1.79) followed by the C-Fix model (RMSE = 2.07) 
and lastly the CASA model (RMSE= 3.38) (Table 4.6).  
 
In the temperate grassland biome, the C-Fix model predicted GPP values which were 
closer to the in-situ GPP measurements (RMSE = 1.68) followed by the MOD17 model 
(RMSE =1.83) and lastly the CASA model (RMSE= 2.57). However, the MOD17 GPP Booker Ouma Ogutu    Accuracy of PEM Models 
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values were lower than the in-situ GPP measurements for this biome (i.e. values below 
the 1:1 line, Figure 4.4 (d)). Finally, in the savanna woodland biome the MOD17 model 
results agreed better with the in-situ GPP measurements (RMSE = 1.28) followed by the 
CASA model (RMSE = 2.88) and lastly the C-Fix model (RMSE= 2.94). In this biome, the 
MOD17 GPP predictions were slightly lower than the in-situ GPP measurements (i.e. 
values below the 1:1 line, Figure 4.4 (e)), while the CASA and C-Fix models predicted 
slightly high values (i.e. values above the 1:1 line, Figure 4.4 (e)). 
 
Table 4.6: Root Mean Square Error (RMSE) (gCm
-2day
-1) between biome model 
predictions and in-situ flux tower GPP estimates  
Biome  CASA  C-Fix  MOD17 
Cropland  4.044  4.058  5.9 
ENF  4.53  3.34  1.93 
DBF  3.38  2.07  1.79 
Woodland Savanna  2.88  2.94  1.28 
Grassland  2.57  1.68  1.83 
 
 Booker Ouma Ogutu    Accuracy of PEM Models 
  100   
 
Figure 4.4.Comparison between model GPP predictions and EC flux tower 
measurements across various biomes (a = Cropland; b = Evergreen needleleaf 
forests; c = Deciduous broadleaf forests; d = Grassland; e= Woodland savanna) 
 
 
 
0 10 20 30
0
10
20
30
Flux Tower GPP(gCm-2day-1)
M
o
d
e
l
 
G
P
P
 
(
g
C
m
-
2
d
a
y
-
1
)
 
 
0 10 20
0
5
10
15
20
25
Flux Tower GPP(gCm-2day-1)
M
o
d
e
l
 
G
P
P
 
(
g
C
m
-
2
d
a
y
-
1
)
 
 
0 10 20
0
5
10
15
20
Flux Tower GPP(gCm-2day-1)
M
o
d
e
l
 
G
P
P
 
(
g
C
m
-
2
d
a
y
-
1
)
 
 
0 5 10 15
0
5
10
15
Flux Tower GPP(gCm-2day-1)
M
o
d
e
l
 
G
P
P
 
(
g
C
m
-
2
d
a
y
-
1
)
 
 
0 5 10 15
0
5
10
15
Flux Tower GPP(gCm-2day-1)
M
o
d
e
l
 
G
P
P
 
(
g
C
m
-
2
d
a
y
-
1
)
 
 
CASA C-Fix MOD17
(d) (e)
(c)
(b) (a)Booker Ouma Ogutu    Accuracy of PEM Models 
  101   
 
4.3.3. Influence of climatic and biophysical variables on the PEM 
models  
 
Results from the analysis of the influence of climatic and biophysical variables on the 
GPP predictions by the three models are presented in Table 4.7.  
 
The MODIS FAPAR biophysical variable was strongly correlated (R
2 > 0.7) with GPP 
output from the three models in the cropland, grassland and deciduous broadleaf 
forest biomes. At the evergreen needleleaf forests and the savanna woodland sites, the 
correlation between the MODIS FAPAR and the GPP output from the three models was 
low (R
2 <0.5). At the Donaldson and Niwot Ridge ENF sites, solar radiation and air 
temperature had a stronger influence on the GPP output from all the models. At the 
Donaldson site, the CASA model’s GPP output was influenced in equal proportions by 
the solar radiation and air temperature, whereas the C-Fix and MOD17 model GPP 
output were more strongly influenced by solar radiation than air temperature. At the 
Niwot Ridge site, air temperature had the greatest influence in the performance of all 
the three models. Even though the version of C-Fix model used in the present study 
(Veroustraete et al., 2002) and the MOD17 models do not explicitly account for soil 
moisture in their derivation of GPP, the influence of precipitation on their GPP output 
was analysed. It was hypothesised that the two models would be able to capture 
increased productivity driven by rainfall as this would be reflected in changes in the 
biophysical variable (i.e. the FAPAR product).  
 
At all the sites evaluated, there was low correlation (R
2 <0.2) between the model’s GPP 
predictions with precipitation (Table 4.7). However, investigation of the GPP predictions 
by the CASA model at sites with known rain-driven productivity (i.e. the Donaldson and 
Tonzi sites), there was evidence that the CASA model tracked changes in productivity 
which resulted from precipitation albeit with a time delay (Figure 4.5 and 4.6). The 
same results were not observed for the C-Fix and MOD17 models.  
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Table 4.7: Linear relationship (R
2) between the climatic and biophysical 
variables, and the GPP output from the three PEM models 
Site  Air 
Temperature 
MODIS 
FAPAR 
Precipitation 
 
Solar Radiation 
(PAR) 
Bondville  0.61
a  0.91
a  0.01
a  0.59
a 
0.63
b  0.89
b  0.01
b  0.59
b 
0.66
c  0.89
c  0.02
c  0.60
c 
Mead  0.76
a  0.89
a  0.06
a  0.75
a 
0.76
b  0.87
b  0.05
b  0.69
b 
0.74
c  0.86
c  0.06
c  0.64
c 
Donaldson  0.30
a  0.25
a  0.005
a  0.30
a 
0.57
b  0.03
b  0.004
b  0.78
b 
0.40
c  0.03
c  0.001
c  0.74
c 
Niwot Ridge  0.64
a  0.47
a  0.02
a  0.57
a 
0.79
b  0.35
b  0.02
b  0.61
b 
0.78
c  0.35
c  0.04
c  0.52
c 
Morgan 
Monroe 
0.70
a  0.85
a  0.007
a  0.84
a 
0.76
b  0.71
b  0.01
b  0.76
b 
0.73
c  0.75
c  0.02
c  0.72
c 
UMBS  0.74
a  0.82
a  0.02
a  0.73
a 
0.71
b  0.73
b  0.02
b  0.61
b 
0.74
c  0.81
c  0.03
c  0.62
c 
Tonzi  0.002
a  0.50
a  0.01
a  0.09
a 
0.61
b  0.004
b  0.26
b  0.89
b 
0.06
c  0.20
c  0.07
c  0.35
c 
Walnut River  0.72
a  0.92
a  0.09
a  0.80
a 
0.76
b  0.86
b  0.08
b  0.74
b 
0.78
c  0.83
c  0.07
c  0.75
c 
a = CASA Model; 
b = C-Fix Model; 
c=MOD17 Model 
 
Figure 4.5.Relationship between precipitation and CASA GPP predictions for the 
Donaldson ENF Site 
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Figure 4.6.Relationship between precipitation and CASA GPP predictions for the 
Tonzi Woodland Savanna Site 
 
4.3.4. Realised light use efficiency (LUE) term for each of the PEM 
models across various biomes 
 
The realised LUE was calculated by dividing the gross primary productivity by the 
absorbed photosynthetic active radiation (APAR) (Jung et al, 2007). The APAR is the 
product of FAPAR and solar radiation (PAR). The results indicate differences between 
the models and across the biomes evaluated (Table 4.8). The CASA model had the 
highest realised LUE values for all the biomes, followed by C-Fix model. The MOD17 
model had the lowest realised LUE across all biomes. Of all the sites, the realised LUE 
for the Donaldson site was the highest in all the models. However, all the models 
predicted a lower realised LUE than mean measured LUE for the respective biomes 
(Ruimy et al., 1994; Garbulsky et al., 2010). This was expected as the models are 
designed such that the maximum LUE is reduced by scalars (e.g. temperature, 
precipitation, vapour pressure deficit, and soil moisture). However, in some cases (e.g. 
croplands, deciduous broadleaf forests and temperate grasslands) the maximum 
prescribed LUE for the models was lower than the mean LUE found in literature (Table 
4.8). This would affect the performance of the models in predicting the productivity of 
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these biomes. In other biomes (e.g. the savanna woodland, and the ENF sites) the CASA 
and C-Fix models prescribed maximum LUE which was higher than the mean LUE for 
this biome found in literature (Table 4.8).  
 
Table 4.8: Cross-biome realised light use efficiency (LUE) (gCMJ
-1APAR) and 
biome specific maximum LUE from literature  
Site/Biome  CASA LUE 
(
aMax. 
LUE=1.1) 
C-Fix LUE 
(Max LUE = 
1.1) 
MOD17 
LUE 
 
*Literature 
Mean Biome 
LUE 
Bondville-Cropland  0.6  0.43  0.23; (0.68) 
b  2.80 
Mead-Cropland  0.58  0.41  0.22;  (0.68)
 b  2.80 
Niwot Ridge-ENF  0.49  0.35  0.17;  (1.01)
 b  1.09 
Donaldson-ENF  0.77  0.58  0.49;  (1.01)
 b  1.09 
Morgan Monroe-DBF  0.61  0.43  0.32;  (1.10)
 b  1.57 
UMBS-DBF  0.56  0.37  0.33;  (1.10)
 b  1.57 
Tonzi-Woodland 
Savanna 
0.66  0.48  0.28;  (0.80)
 b  0.84 
Walnut River-Grassland  0.61  0.45  0.23;  (0.68)
 b  1.26 
*Mean biome specific maximum LUE values (From Ruimy et al., 1994; Garbulsky et al., 
2010); 
a The CASA maximum LUE is double the recommended 0.55 value for calculating 
NPP (Ratio of NPP: GPP is 2:1, Wolfsy et al., 1993, Waring et al., 1998; Wang et al., 
2011); 
bMOD17 biome specific maximum LUE (From MOD17 User Guide, 2003; Heinsch 
et al., 2003) 
 
4.4. Discussion 
 
The performance of the three models (i.e. the CASA, C-Fix and MOD17 models) varied 
in their prediction of the seasonal dynamics and absolute GPP values of the evaluated 
biomes. In the cropland biomes (i.e. the Bondville and Mead-Irrigated sites), all the 
models captured the seasonal dynamics relatively well. However, all the PEM models 
underestimated the productivity of this biome, with the MOD17 model predicting much 
lower GPP values. Similar observations have been made in other research which 
investigated the performance of the MOD17 GPP model (e.g. Heinsch et al., 2006; 
Turner et al., 2006; Nightingale et al., 2007; Chen et al., 2011). These studies showed 
that the MOD17 GPP product tended to underestimate GPP of highly productive sites 
such as croplands. The primary reason for the MOD17 models low GPP predictions for 
croplands is its low prescribed maximum light use efficiency term in its biome 
parameter look up table (BPLUT) (MOD17 User Guide, 2003; Turner et al., 2006). The 
croplands maximum LUE in MOD17 model is set at 0.68 gCMJ
-1PAR while it has been 
reported that the mean LUE for croplands can reach 2.80 gCMJ
-1PAR (Ruimy et al., 1994 Booker Ouma Ogutu    Accuracy of PEM Models 
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Xiao et al., 2005; Garbulsky et al., 2010; Chen et al., 2011). Furthermore, the present 
study showed that the mean realised LUE for the MOD17 model for this biome (LUE = 
0.25), was lower than the mean LUE for croplands (Table 4.8). The CASA and C-Fix 
models also underestimated the productivity of this biome. The two models had their 
maximum LUE set at 1.1 gCMJ
-1PAR, which is still lower than the possible mean LUE for 
this biome (2.80 gCMJ
-1PAR) thereby resulting in the underestimation of GPP. The two 
models realised LUE were slightly higher than the MOD17 model and hence they 
performed better than the MOD17 in predicting the GPP of this biome (Table 4.4; 4.5). 
The low maximum LUE values prescribed for the three models seem to be the main 
cause of the underestimation of GPP for the cropland biome. It is worth noting that the 
underestimation of GPP in this biome does not reflect a failure of the models but rather 
a by-product of the need for generalisation of the models to make them usable across 
different biomes. However, it has been reported that the contribution of croplands in 
global carbon capture is being underestimated mainly due to prescription of low LUE 
term for this biome in models used in estimating global carbon flux (e.g. Chen et al., 
2011). Therefore, for models such as MOD17 which has a biome specific LUE 
component in its formulation, the maximum value LUE assigned to the cropland biome 
could be adjusted upwards to reduce this underrepresentation. In regard to the 
influence of climatic and biophysical input variables on the performance of the three 
models at the cropland sites, all the models responded in a similar manner to the input 
variables indicating a consistency in their behaviour in this biome. The FAPAR input 
variable explained most of the variation (>80%) in the model’s performance in this 
biome, followed by air temperature, solar radiation and lastly precipitation.  
 
Evaluation of the performance of the three PEM models at two contrasting evergreen 
needleleaf forest sites (i.e. Niwot Ridge site located in a temperate climatic zone and 
Donaldson site located in a mediterranean site) revealed differences in the behaviour 
of the PEM models. While the models performed well in predicting the seasonal GPP 
dynamics at the Niwot Ridge site, they did not perform as well at the Donaldson site. 
The relationship between the model’s GPP output and the input climatic and 
biophysical variables revealed that at the Donaldson site, the variation in the GPP 
predicted by the C-Fix and MOD17 models were mostly influenced by solar radiation, 
followed by air temperature, and lastly MODIS FAPAR product. The CASA model’s 
output on the other hand was influenced equally by solar radiation, air temperature 
and MODIS FAPAR product. Both the C-Fix and CASA models prescribed a maximum 
LUE term which was higher than the mean LUE found in literature for this biome (Table 
4.8; Ruimy et al., 1994, Garbulsky et al., 2010). The high LUE term coupled with the 
known overestimation of in-situ FAPAR by MODIS FAPAR product (Heinsch et al., 2006) 
could explain the overestimating the in-situ GPP at this site by the two models. The Booker Ouma Ogutu    Accuracy of PEM Models 
  106   
poor performance of the models at this site may also be attributed to their structural 
formulation. The version of C-Fix model used in the present study (Veroustraete et al., 
2002) does not account for the influence of soil moisture on productivity. The  MOD17 
model on the other hand uses vapour pressure deficit (VPD) as a surrogate to soil 
moisture, but it has been shown that the VPD does not capture the influence of soil 
moisture on productivity adequately (Leuning et al., 2005; Coops et al., 2007). At the 
Donaldson site, soil moisture is critical in determining productivity. Therefore, the lack 
of adequate representation of the soil moisture content in the two models could be 
one of the contributing factors to their poor performance at this site. The CASA model 
accounts for the influence of soil moisture and was indeed shown to capture rain 
induced productivity at this site (Figure 4.5) better than the C-Fix and MOD17 models. 
Overall, all the PEM models overestimated GPP for the evaluated evergreen needleleaf 
forest biomes across the years. This was attributed the high  maximum LUE prescribed 
for this biome by the CASA and C-Fix models and the possible overestimation of in-situ 
FAPAR by the MODIS FAPAR product used to drive the three models.  
 
Analysis of the performance of the models at the broadleaf deciduous forest biome 
(i.e. Morgan Monroe and UMBS sites) revealed that the three models performed well in 
predicting both the seasonal dynamics and the absolute GPP values in this biome. The 
CASA and C-Fix models predicted marginally higher GPP values when compared with 
the in-situ flux tower estimates whereas MOD17 slightly underestimated the GPP of 
this biome. Other studies have reported that the MOD17 model tended to 
underestimate GPP of productive biomes such as deciduous broadleaf forests (e.g. 
Zhao et al., 2005; Heinsch et al., 2006; Turner et al., 2006). The underestimation of 
GPP of temperate deciduous broadleaf forests by the MOD17 model has been linked to 
the of low LUE values it prescribes for this biome (Turner et al., 2006; Table 4.8). The 
CASA and C-Fix models also prescribed low LUE term for this biome. However, it seems 
this low LUE values in the CASA and C-Fix models was offset by the possible 
overestimation of in-situ FAPAR measurements (Zhao et al., 2005; Heinsch et al., 2006; 
Turner et al., 2006; Ogutu et al., 2012) by the MODIS FAPAR used to drive these 
models in the present study. This resulted in the two models marginally overestimating 
GPP of this biome. Similar overestimation of in-situ GPP was not observed in the 
MOD17 model. This was attributed to its LUE term being slightly lower than the ones 
prescribed for the CASA and C-Fix models and hence the offset from the high FAPAR 
product was not adequate to increase the predicted GPP values to above the in-situ GPP 
measurements. Indeed it was shown that the realised LUE for the MOD17 model was 
lower than those from the CASA and C-Fix models at this biome (Table 4.8). Overall, all 
models performed better at predicting the GPP of this biome than the rest of the 
evaluated biomes.  Booker Ouma Ogutu    Accuracy of PEM Models 
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Evaluation of the models at the woodland savanna biome (i.e. the Tonzi site) showed 
that the MOD17 and CASA models were better at tracking the seasonal dynamics at 
this site than the C-Fix model. The C-Fix and CASA models overestimated while the 
MOD 17 model underestimated the in-situ GPP of this biome. Two possible 
explanations are proposed for the observed discrepancies. Previous research using 
earlier versions of MOD17 model showed that it tended to overestimate GPP for 
drought prone biomes such as the Tonzi site (Heinsch et al., 2006; Turner et al., 
2006).  This was attributed to an underestimation of vapour pressure deficit (VPD) in 
earlier versions of the model making it unable to reduce productivity in water limited 
ecosystems (Heinsch et al., 2006). Addressing this anomaly by using local meteorology 
data resulted in overcorrection of the model’s performance leading to underestimation 
of GPP of such sites (Heinsch et al., 2006). The new version of MOD17 product (i.e. 
Collection 5) used in the present study had such corrections implemented (Zhao et al., 
2006) and this could be the reason for underestimation of the GPP for this biome by 
the MOD17 model. Furthermore, the maximum LUE prescribed for this biome in the 
MOD17 model is lower than the mean LUE for this biome found in literature (Table 
4.8). This would lead to the observed underestimation of in-situ GPP of this biome.  
The C-Fix model overestimated the GPP of this site and was out of phase with the 
seasonal dynamics. The LUE prescribed by the C-Fix model is higher than the mean LUE 
for this biome (Table 4.8) which could have led to the overestimation of its in-situ GPP. 
Furthermore, investigation into the influence of climatic and biophysical variables into 
the performance of the C-Fix model in this site revealed that the solar radiation 
explained the highest percentage of its GPP output followed by air temperature, 
precipitation and lastly MODI FAPAR. This site is known to be dominated by grasses 
which germinate during autumn, achieve full growth and productivity during the spring 
season, and finally low productivity during summer (Xu and Baldocchi, 2004; Yuan et 
al., 2007). The fact that the C-Fix GPP output is highly influenced by solar radiation 
and temperature means that it will predict high productivity during summer and hence 
the out-of-phase seasonality observed in the present study (Figure 4.3g). It was also 
reported that at this site, the variation in the realised LUE is mostly influenced by 
availability of rainfall (soil moisture) (Yuan et al., 2007) and since the version of C-Fix 
model used in the present study did not account for soil moisture its LUE may not have 
been adequately reduced to reflect the environmental stress at this site resulting in its 
poor performance.  The overestimation of the productivity for this biome by the CASA 
model resulted from a combination of factors. First, the prescribed LUE term was 
higher than the maximum mean for this biome which would lead to high productivity 
(Table 4.8). Secondly, investigation into the influence of the climatic and biophysical 
variables on the performance of CASA model in this site showed that the MODIS FAPAR Booker Ouma Ogutu    Accuracy of PEM Models 
  108   
explained >50% of the variations (Table 4.8). The MODIS FAPAR product has been 
reported to overestimate FAPAR for savanna biomes (Weiss et al., 2007; Seixas et al., 
2009) and since it explains most of the variation in this model’s output in this site, its 
overestimation would result in overestimation of this sites productivity.  
 
The performance of the models at a grassland biome (i.e. the Walnut River site), 
showed that they predicted the in-situ seasonal GPP dynamics well. However, there 
were variations in the absolute GPP values predicted by the models. The CASA and C-
Fix models predicted GPP closer to the in-situ GPP measurements albeit with marginal 
overestimation.  The MOD17 model on the other hand underestimated the in-situ GPP 
of this biome. All the three models prescribed a lower maximum LUE value for this 
biome than the mean LUE reported in literature (Ruimy et al., 1994; Garbulsky et al., 
2010; Table 4.8). However, for the CASA and C-Fix models, the maximum LUE (i.e. 1.1 
gCMJ
-1PAR) was only marginally lower than the mean of 1.26g CMJ
-1PAR for this biome 
(Table 4.8). The MODIS FAPAR input explained >80% variation of the GPP predicted by 
the three models. As mentioned earlier, the MODIS FAPAR product tended to 
overestimate FAPAR for this type of biome (Weiss et al., 2007; Seixas et al., 2009). This 
would result in high productivity in this biome even though the LUE term was 
marginally lower than the mean for this site (Table 4.8). The MOD17 model assigned a 
much lower maximum LUE value (0.68gCMJ
-1PAR) for this biome. Even with the 
overestimation in the MODIS FAPAR input data, the low LUE value meant that the 
MOD17 model underestimated the productivity of this biome. 
 
In summary, in most of the biomes analysed, the GPP output from the models was 
influenced by the structural design of the models. For example, in the regions where 
moisture influences productivity, the lack of accounting for this variable adversely 
affected the performance of the model. Furthermore, the LUE term prescribed by the 
model played a key part in its subsequent GPP predictions. The input variables, 
especially the FAPAR biophysical variable, also played an important role in determining 
the GPP output from the three models.  
 
4.6. Conclusions 
 
The chapter evaluated the capacity of three production efficiency models (i.e. the 
CASA, C-Fix and MOD17 models) in predicting gross primary productivity (GPP) of five 
major biomes across conterminous USA in their native set-up. All the three models 
underestimated the GPP for croplands. The CASA and C-Fix models overestimated the 
GPP of most of the biomes (i.e. grasslands, deciduous broadleaf forest, evergreen Booker Ouma Ogutu    Accuracy of PEM Models 
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needleleaf forests, and woodland savanna) while the MOD17 model underestimated the 
GPP of most of all the biomes apart from the mediterranean needleleaf evergreen 
forest. The in-situ GPP underestimation by the three models was attributed to low 
values of maximum light use efficiency (LUE) term prescribed by the models in their 
native set-up whereas the GPP overestimation was attributed to high LUE term and 
error propagation from one of the biophysical input variables (i.e. the MODIS FAPAR 
product). In general, the three models were better at predicting temperature-driven 
productivity than rain-driven productivity. The CASA model was better at tracking the 
rain-driven productivity, followed by MOD17 model and then the C-Fix model. The 
CASA model has an explicit soil moisture component which makes it better at tracking 
productivity in rain-driven biomes when compared with the MOD17 model which uses 
vapour pressure deficit term as a surrogate for soil moisture conditions. The version of 
C-Fix model used in the present study did not have a term to represent the influence of 
soil moisture and hence performed poorly in predicting rain-driven productivity. This 
finding highlights the influence of the differences in the structural formulation of the 
models in their output.  
 
To improve the performance of these models, especially the operational MOD17 
model, it is recommended that some of the prescribed maximum LUE for the biomes 
(e.g. croplands) should be adjusted to reflect the mean LUE term for these biomes. In 
addition, improvements in the structural design of PEM models is recommended so as 
to enable them capture GPP of rain-driven biomes more accurately. This could be done 
by ensuring that the soil moisture component is adequately represented in these 
models. Given that FAPAR is the variable that links vegetation physiological condition 
with remote sensing data used to drive the PEM models, efforts should be made to 
improve the accuracy of existing FAPAR products.Booker Ouma Ogutu    Influence of FAPAR on PEM models 
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Chapter 5: Analysis of the influence of two 
operational FAPAR products on ecosystem 
productivity modelling 
 
5.1. Introduction 
 
The fraction of photosynthetic active radiation (400-700nm) absorbed by vegetation 
(FAPAR) plays a critical role in the energy balance of ecosystems and in the estimation 
of global carbon balance (Prince and Goward, 1995; Ruimy et al., 1996; Myneni et al., 
2002; Gobron et al., 2006). As such it has been recognized as one of the fundamental 
terrestrial state variables key in global change sciences (GCOS, 2003). FAPAR is an 
essential input in many climate models as well as models assessing terrestrial 
vegetation productivity (Potter et al., 1993; Prince, 1995; Ruimy et al., 1996; Running 
et al., 2000; Veroustraete et al., 2002; Running et al., 2004).  
 
In-situ measurement of FAPAR requires simultaneous measurement of PAR above and 
below a canopy as well as estimation of the canopy architecture information to account 
for the non-leaf absorptions (Gower et al., 1999; Huemmrich et al., 2005; Gobron and 
Verstraete, 2009). This approach is often difficult to implement as it is time consuming 
and limited in its spatial coverage. Therefore, FAPAR is usually inferred from models 
describing the transfer of solar radiation in plant canopies, using satellite remote 
sensing data as constraints (Knyazikhin et al., 1998; Gobron and Verstraete, 2009).  
 
The derivation of FAPAR from remote sensing data involves the procedure of inversion 
of physically based models or developing empirical relationships between FAPAR and 
the recorded reflectance data usually expressed in terms of vegetation indices (Myneni 
et al., 2002; Gobron et al., 1997; Deng et al., 2006). FAPAR can also be estimated as a 
function of leaf area index using the Beer-Lambert light extinction concept (Landsberg 
and Waring, 1997; Gower et al., 1999). With increasing availability of remote sensing 
data from different sensors, a number of FAPAR products are being generated 
including: the MODIS FAPAR product (Knyazikhin et al., 1998; Myneni et al., 2003), 
GLOBCARBON FAPAR product (Deng et al, 2006); CYCLOPES FAPAR product (Baret et 
al., 2007), LANDSAF (Roujean and Bréon, 1995), and JRC-MGVI FAPAR (Gobron et al., 
1999).  
 
With the increasing availability of a number of FAPAR products, the user community is 
faced with a dilemma of choosing appropriate products for their applications. Though Booker Ouma Ogutu    Influence of FAPAR on PEM models 
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there have been attempts to compare these products (e.g. McCallum et al., 2010), few 
studies have investigated the impacts of the different FAPAR products on the output of 
the production efficiency models that utilise them (e.g. Seixas et al., 2009). But when 
faced with multiple choices of input datasets, selection of one versus another may have 
significant effects upon the model’s results (McCallum et al., 2010).In chapter three, 
comparison of various FAPAR products revealed disparities in their prediction of in-situ 
FAPAR of a deciduous broadleaf forest site in southern England-UK.  
 
The aim of this chapter was to evaluate the influence of two FAPAR products (i.e. 
MODIS FAPAR product, Knyazikhin et al., (1998) and CYCLOPES FAPAR product, Baret et 
al., (2007) on ecosystem productivity modelling using the Carnegie-CASA model (Potter 
et al 1993; van der Werf et al., 2003) across various biomes in conterminous USA. The 
variation in the mean annual gross primary productivity (GPP) and the spatial gradient 
of the GPP predicted by the Carnegie-CASA model from using the two FAPAR products 
was evaluated.  Furthermore, the uncertainties in the GPP predicted by using the two 
FAPAR products for the major biomes across USA were investigated.  
 
5.2. Materials and Methods 
 
5.2.1. Materials  
 
5.2.1.1. The CASA Model 
 
The CASA model is a numerical model of monthly fluxes of water, carbon and nitrogen 
in terrestrial ecosystems (Potter et al., 1993). The main strength of the CASA model is 
its ability to use remote sensing data to calculate net primary production (NPP) (Potter 
et al., 2001). The CASA model does not separately calculate GPP. However, it has been 
reported that GPP can be derived by doubling the NPP output from the CASA model 
(Waring et al., 1998; Wang et al., 2011). Detailed description of the CASA model is 
provided in the literature review chapter. The version of the CASA code used in the 
present study was acquired from Dr. Guido van der Werf, VU University in Amsterdam. 
It is a modified CASA model which incorporates the influence of fire on ecosystem 
productivity (van der Werf et al., 2003).  
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5.2.1.2. Model input datasets 
 
Two FAPAR products were used in the modelling exercise (i.e. MODIS FAPAR, 
Knyazikhin et al., 1998 and CYCLOPES FAPAR, Baret et al., 2007). Detailed descriptions 
of the two FAPAR products are provided in chapter three of this thesis. The CYCLOPES 
FAPAR and the MODIS FAPAR products were chosen for the modelling exercise mainly 
because they are produced at a comparable temporal resolution (10 days and 8 days 
respectively) and have a similar spatial resolution (i.e. 1km). Furthermore, the two 
FAPAR data were available for years that the modelling exercise was undertaken (i.e. 
from 2001 to 2005) and temporally matched with the available eddy covariance flux 
tower GPP measurements.  
 
The other datasets needed to drive the CASA model include: solar radiation, 
temperature, precipitation, land cover, and soil texture. The solar radiation data was 
acquired from the USA National Solar Radiation Database (NSRDB) 
(http://rredc.nrel.gov/ solar/old_data /nsrdb/ 1991-2005). The dataset are produced 
using the Meteorological-Statistical (METSTAT) model (Maxwell, 1998) and presents a 
complete collection of hourly values of the three most common measurements of solar 
radiation (i.e. global horizontal, direct normal and diffuse horizontal). The NSRDB 
datasets includes 1454 stations across USA (see chapter 4, Figure 4.1). The 
temperature and precipitation datasets were acquired from NOAA’s National Climatic 
Data Centre (http://www7.ncdc.noaa.gov /CDO/ data product). The database contains 
data from several stations (i.e. >2000 stations) across USA (see Chapter 4, Figure 4.2).  
 
The land cover data was acquired from the 2005 North America Land Cover dataset 
produced as part of the North America Land Change Monitoring System (NALCMS) 
(http://landcover.usgs.gov/nalcms.php). The land cover is at 250m spatial resolution 
and is based on observations acquired by the MODIS Terra Sensor (Figure 5.1). The 
land cover product has 19 land cover classes defined using the Land Cover 
Classification System (LCCS) standard developed by the Food and Agriculture 
Organization (FAO). The Land cover data was reclassified to match the land cover 
classification recommended in the original CASA model (Porter et al., 1993, Table 5.1). 
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Table 5.1: Compatibility between the 2005 North America land cover map and 
Carnegie-CASA land cover classes 
CASA 
Class 
CASA-Vegetation 
Description 
  2005 North America Land Cover Class 
1  Broadleaf evergreen 
trees 
  Tropical or sub-tropical broadleaf evergreen 
2  Broadleaf deciduous 
tress 
  Tropical or sub-tropical broadleaf 
deciduous/Temperate or sub-polar broadleaf 
deciduous 
3  Broadleaf and 
needleleaf tress 
  Mixed Forest 
4  Needleleaf evergreen 
trees 
  Temperate or sub-polar needleleaf forest/Sub-
polar taiga needleleaf forest 
6  Needleleaf deciduous 
trees 
  Temperate or sub-polar needleleaf forest/Sub-
polar taiga needleleaf forest 
6  Broadleaf trees with 
groundcover 
  Tropical or sub-tropical broadleaf 
deciduous/Temperate or sub-polar broadleaf 
deciduous 
7  Perennial grasslands    Tropical or sub-tropical grassland/Temperate or 
sub-polar grassland 
8  Broadleaf shrub with 
grassland 
  Tropical or sub-tropical shrubland 
9  Broadleaf shrub with 
bare soil 
  Tropical or sub-tropical shrubland 
10  Tundra    Sub-polar or polar shrubland-lichen-moss/Sub-
polar or polar grassland-lichen-moss/Sub-polar or 
polar barren-lichen-moss 
11  Bare soil and desert    Barren Lands/Urban and Built-up 
12  Cultivation    Cropland 
13  Ice    Wetland/Water/Snow and Ice 
 
 
Finally, the soil texture dataset was derived from the ISRIC-WISE-World Soil Information 
Database (http://www.isric.org/data/data-and-applications). The WISE database is a 
harmonized, gridded global data set of soil parameter estimates at a spatial resolution 
of 0.5 degrees. It has been prepared using: (1) the spatial data from the 1:5 million 
scale FAO-UNESCO soil map of the world and (2) soil parameter estimates derived from 
the ISRIC’s WISE database (Batjes, 2006). It contains 19 soil variables, but of interest in 
the present study was the particle size distribution layer (i.e. content of sand, clay and 
silt). This layer was used to derive soil texture classes for the USA.  Booker Ouma Ogutu    Influence of FAPAR on PEM models 
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Figure 5.1.USA resampled land cover map and the flux tower sites used in 
model GPP output validation (Resampled from the 2005 North America Land 
Cover at 250m spatial resolution; United States Geological Survey- USGS) 
 
5.1.2.3. Eddy Covariance Flux Tower Data 
 
The flux tower datasets used to evaluate the gross primary production (GPP) output 
from the CASA model were acquired from the AmeriFlux website 
(http://public.ornl.gov/ameriflux). Six eddy covariance (EC) flux tower sites included in 
this study (Table 5.2, Figure 5.1) represented five major terrestrial biomes: croplands, 
deciduous broadleaf forest, evergreen needleleaf forest, grassland, and woodland 
savanna. Apart from the two ENF sites (i.e. Niwot Ridge and Donaldson site) which are 
located in different climatic zones, contrary to Chapter 4, only results from one flux 
tower site per biome are presented in this chapter as it was shown that there were 
minimal within biome GPP variations. Eddy covariance systems directly measure net 
ecosystem exchange (NEE) rather than GPP. To estimate GPP, it is necessary to estimate 
daytime respiration (R
d):  
 
    =    −      ……………………………….…..         5.1 
 
Where NEE
d is daytime NEE. Daytime ecosystem respiration R
d is usually estimated by 
using daytime temperature and an equation describing the temperature-dependent 
X
X
X X X
X
80° W 90° W 100° W 110° W 120° W
50° N
40° N
30° N
Land cover class
DBF
ENF
Grassland
Shrubland
Cropland
Built-up
XFlux Tower SitesBooker Ouma Ogutu    Influence of FAPAR on PEM models 
  115   
respiration, and the latter is usually developed from night-time NEE measurements. 
Night time NEE represents night time respiration (autotrophic and heterotrophic) as 
plants do not photosynthesize at night. Comprehensive descriptions of how NEE, GPP, 
R
d are derived from EC flux measurements  and the gap filling methods used to 
estimate missing values can be found in Baldocchi et al., (2001); Moffat et al., (2007). 
GPP data filled using the marginal distribution sampling (MDS) method (Reichstein et 
al., 2005) for each of the EC flux tower sites (Table 5.2, Figure 5.1) were used in this 
study.  
 
Table 5.2: Features of the flux tower sites used in validation of CASA GPP 
model predictions  
Site  Latitude  Longitude   Vegetation type  Climate type  Reference 
Mead 
Irrigated 
41.1651  -96.4766  Crop(Corn)  Temperate  Verma et 
al.,(2005) 
Donaldson  29.7548  -82.1633  Evergreen needleleaf 
forest(ENF) 
Mediterranean  Gholz and 
Clark (2002) 
Morgan 
Monroe 
39.3232  -86.4131  Deciduous broadleaf 
forest(DBF) 
Temperate 
continental 
Schmid et al., 
(2000) 
Niwot Ridge  40.0329  -105.5464  Evergreen needleleaf 
forest (ENF) 
Temperate  Monson et 
al., (2002) 
Tonzi Ranch  38.4316  -120.966  Woodland Savanna  Mediterranean  (Baldocchi et 
al., 2004) 
Walnut River  37.5208  -96.855  Grassland (C3/C4 
mixed) 
Temperate 
continental 
Song et al., 
(2005) 
 
 
5.2.2. Methods 
 
5.2.2.1. Modelling strategy  
 
All the point datasets (i.e. precipitation, temperature, and solar radiation) were 
transformed into raster data by interpolation using the inverse distance weighting 
approach in a geographic information system (GIS) environment. The raster data were 
then transformed into a uniform spatial resolution (1km) by nearest neighbour 
resampling. The daily data were transformed to 8 day and 10 day temporal resolution 
by calculating their means. This was done to match the data to the temporal 
resolutions of the FAPAR products (i.e. 8-day for MODIS FAPAR product, and 10-day for 
CYCLOPES FAPAR product). In order to run the CASA model using the FAPAR products, 
the model was modified to utilise the FAPAR products directly by-passing the need to Booker Ouma Ogutu    Influence of FAPAR on PEM models 
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convert NDVI dataset into FAPAR as prescribed in the original model. Furthermore, the 
CASA model was modified to run at time steps equivalent to the composite periods of 
the FAPAR products instead of its original mode of monthly time-steps. The CASA 
model was run over 5 years (2001-2005) by varying only the FAPAR input datasets 
while keeping the rest of the input datasets the same. The gross primary productivity 
(GPP) outputs from the CASA model were evaluated against eddy covariance flux tower 
in-situ GPP values for selected sites (Table 5.2,Figure 5.1) across conterminous USA.  
 
5.2.2.2. Data analysis 
 
Pearson’s correlation coefficient (Dunn and Clark, 1987) was calculated to determine 
how well the gross primary productivity (GPP) derived from using the two FAPAR 
products tracked the seasonal dynamics of the in-situ GPP measurements. T-test (Dunn 
and Clark, 1987) was used to determine if there were significant differences between 
the means of GPP predicted by using the two FAPAR products and the in-situ GPP 
measurements. In addition root mean square error was calculated to determine how 
the absolute GPP values predicted by the CASA model compared with the in-situ GPP 
measurements. The annual and spatial patterns of GPP output from the CASA model 
for conterminous USA were compared with those reported in literature.  
Due to frequent data-drop-outs (mainly due to cloud contamination) which were 
detected in the CYCLOPES input data in the North-eastern corner of conterminous USA 
(i.e. the region encompassing states of Vermont, Main and New Hampshire), this area 
was excluded from subsequent analysis (Figure 5.1).  
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5.3. Results and Discussion 
 
5.3.1. Analysis of the seasonal trends and absolute GPP values 
predicted by the CASA model across various biomes 
 
Figure 5.2 shows the seasonal and interannual GPP variations predicted by the CASA 
model run using two FAPAR products (i.e. MODIS FAPAR and CYCLOPES FAPAR) and in-
situ flux tower GPP measurements at six sites representing five major biomes (i.e. 
cropland, deciduous broadleaf forest, evergreen needleleaf forest, savanna woodland 
and grassland). For each biome, the CASA model was run with the mean light use 
efficiency terms (LUE) for these biomes found in literature (see chapter 4, Table 4.8; 
Ruimy et al., 1994; Garbulsky et al., 2010; Chen et al., 2011).  
 
At the Mead cropland site (Figure 5.2 (a)), the use of the two FAPAR products resulted 
in GPP that captured the seasonal and interannual dynamics of this site relatively well 
as indicated by the high positive Pearson’s correlation (r >0.8; Figure 5.3 (a)) between 
the CASA model’s output and the in-situ GPP measurements. The MODIS FAPAR 
product seems to lead to an early onset of productivity at this site as indicated by the 
early increase in its seasonal curve compared to the in-situ GPP measurements (Figure 
5.2 (a)). Investigation into the FAPAR products at this site (Figure 5.4 (a)), shows that 
the MODIS FAPAR increased slightly earlier than the CYCLOPES FAPAR. This early 
increase seems to be propagated in the GPP predicted by the CASA model using the 
FAPAR product at this site. Other researchers have shown that the MODIS FAPAR 
product anticipated an advance increase in FAPAR during the beginning of the growing 
season (e.g. Heinsch et al., 2006; Turner et al., 2006; Nightingale et al., 2007). An 
explanation suggested for this is that the MODIS FAPAR product is a maximum value 8-
day window product which implies the greening in the spring would be shifted to 
earlier dates (Turner et al., 2006). The absolute GPP values predicted by the CASA 
model in the two modelling scenarios (i.e. using MODIS and CYCLOPES FAPAR 
products) were marginally lower than the in-situ GPP measurements especially during 
peak productivity (Figure 5.2 (a); Figure 5.3 (a)). Even though the mean LUE term for 
crops (Ruimy et al., 1994; Chen et al., 2011) was used to drive the CASA model for this 
site, the underestimation of the peak productivity is suggested to be due to low LUE 
term. Heavily fertilized and irrigated corn is cultivated at the Mead site (Verma et al., 
2005) which implies high light use efficiency. Therefore, there is a possibility of the 
light use efficiency term for this site being higher than the mean used to drive the 
CASA model leading to underestimation of in-situ GPP during the peak growing season. Booker Ouma Ogutu    Influence of FAPAR on PEM models 
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This notwithstanding, the CYCLOPES FAPAR product resulted in GPP predictions which 
agreed slightly better (RMSE = 4.25) with the in-situ GPP measurements than the MODIS 
FAPAR product (RMSE = 4.55) at this biome (Figure 5.3 (a)). Investigation into the two 
FAPAR products at this site (Figure 5.4(a)) showed that the CYCLOPES FAPAR product 
was slightly higher than the MODIS FAPAR product at the peak of productivity. Overall, 
the means of GPP predicted by using the two FAPAR products were found to be 
significantly different (p<0.05, t-test) than the mean from the in-situ GPP 
measurements at this site.  
 
Evaluation of the performance of the two FAPAR products at the Morgan Monroe 
deciduous broadleaf forest site (Figure 5.2 (b)) indicate that both resulted in GPP 
predictions which captured the seasonality of in-situ GPP measurements at this site 
relatively well as indicated by the high positive Pearson’s correlation (r >0.85 ; Figure 
5.3 (b)). However, the two products seem to predict an early onset of productivity at 
this site (Figure 5.2 (b)). This prediction of early onset of productivity can be associated 
with error propagation from the two FAPAR products. The CYCLOPES and MODI FAPAR 
products are composited at 10 days and 8 days respectively and this has an effect of 
shifting the onset of greening to earlier dates in spring (Heinsch et al., 2006; Turner et 
al., 2006; Nightingale et al., 2007). Furthermore, the activity of the undergrowth 
vegetation which is captured by the FAPAR products during the spring season may lead 
to high FAPAR values in these products and hence high productivity (Turner et al., 
2006). However, this productivity may not be captured by the eddy covariance flux 
tower which is located above tree canopy leading to a mismatch between in-situ GPP 
measurements and model predictions. In terms of absolute values, the CYCLOPES 
FAPAR product resulted in GPP values which were in better agreement (RMSE = 2.78) 
with the in-situ GPP measurements than the MODIS FAPAR product (RMSE = 3.67) at 
this site (Figure 5.3 (b)). The two FAPAR products resulted in overestimation of in-situ 
GPP measurements at this site especially in peak growing season (Figure 5.2 (b), and 
Figure 5.3 (b)). It has been reported that the two FAPAR products tended to 
overestimate in-situ FAPAR measurements for this biome (e.g. Weiss et al., 2007; 
Seixas et al., 2009; Ogutu et al., 2012) and this could explain the overestimation of 
productivity estimated by the CASA model at this biome. Overall, the means of GPP 
predicted by using the two products were found to be significantly different (p<0.05, t-
test) than the mean of the in-situ GPP measurements.  
 
 
 
 Booker Ouma Ogutu    Influence of FAPAR on PEM models 
  119   
 
 
 
Figure 5.2.Seasonal and interannual GPP trends predicted by running CASA 
model using MODIS and CYCLOPES FAPAR products in comparison to flux 
tower GPP measurements for six sites (i.e. (a) Mead - Cropland, (b) Morgan 
Monroe-DBF, (c) Donaldson (ENF), (d) Niwot Ridge-ENF, (e) Tonzi-Savanna 
woodland, and (f) Walnut River - Grassland) 
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Figure 5.2 (c) and Figure 5.2 (d) shows the seasonal dynamics of GPP predicted by the 
CASA model for two contrasting evergreen needleleaf forest sites, that is, Donaldson 
mediterranean and Niwot Ridge temperate sites respectively. At the Donaldson 
mediterranean site, the GPP predicted by the CASA model using the two FAPAR 
products poorly tracked the in-situ GPP seasonal and interannual dynamics as indicated 
by the low Pearson’s correlation coefficient (r < 0.5; Figure 5.3 (c)). Conversely, at the 
Niwot Ridge site, the use of the two FAPAR products resulted in GPP that tracked the 
in-situ GPP seasonality relatively well as indicated by the high positive Pearson’s 
correlation coefficient (r >0.8; Figure 5.3 (d)). At both sites, the use of the two FAPAR 
products resulted in overestimation of in-situ GPP measurements especially during the 
peak growing season (Figure 5.2 (c, and d) and Figure 5.3(c, and d)). The failure of the 
CASA model’s GPP output to track the in-situ GPP measurements at the Donaldson 
mediterranean site could be explained by two factors. Foremost, this being an 
evergreen site located in relatively sunny mediterranean region, the FAPAR does not 
fluctuate much across the year as can be observed in Figure 5.4 (d). This constantly 
high FAPAR values implies that models which are influenced by the FAPAR input 
variable (e.g. the CASA model, see chapter 4) would continuously predict high 
productivity at this site. Secondly, this site experiences a rain-driven productivity 
meaning that soil moisture content is critical in its productivity. Even though the CASA 
model is designed to account for the influence of soil moisture on productivity, it has 
been shown that production efficiency models (e.g. the CASA model) are not effective 
at predicting productivity of rain-drive ecosystems (Cramer et al., 1999). An 
explanation for this is that soil moisture influence on productivity is often delayed 
(Yuan et al., 2007) and hence these models will predict productivity for these sites 
which is slightly out-of-sync with the in-situ GPP measurements as observed in the 
present study. Examination of the absolute values predicted by the model from using 
the two FAPAR products reveal that the CYCLOPES FAPAR resulted in GPP predictions 
which were closer (RMSE = 2.34) to the in-situ GPP measurements than the MODIS 
FAPAR product (RMSE = 3.87) at this site (Figure 5.3 (c)). The MODIS FAPAR product 
resulted in GPP predictions which were higher than those from the CYCLOPES FAPAR 
product. Investigation into the FAPAR products showed that the MODIS FAPAR product 
values were higher than those of the CYCLOPES FAPAR product at this site (Figure 5.4 
(c)). At the Niwot Ridge temperate evergreen needleleaf forest site, both FAPAR 
products resulted in GPP predictions which were higher than the in-situ measurements, 
with the MODIS FAPAR product GPP predictions being higher than those from the 
CYCLOPES FAPAR product (Figure 5.2 (d); Figure 5.3 (d)). Evaluation of the FAPAR 
products revealed that the MODIS FAPAR product values were higher than the 
CYCLOPES FAPAR product at this site (Figure 5.4 (d)). This would explain the high GPP Booker Ouma Ogutu    Influence of FAPAR on PEM models 
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predictions from the MODIS FAPAR product in comparison to those from the CYCLOPES 
FAPAR product. The means of the GPP values predicted by the CASA model by using 
the two FAPAR products were found to be significantly different (p<0.05, t-test) with 
them mean of in-situ GPP measurements at the two evergreen needleleaf forest sites. 
 
Evaluation of the performance of the two FAPAR products in predicting the seasonal 
and interannual dynamics of GPP at an oak woodland savanna site (i.e. Tonzi site) is 
displayed in 5.2(e). The two FAPAR products resulted in GPP prediction which had a 
positive correlation with the in-situ GPP measurements (r> 0.5) (Figure 5.3 (e)). 
However, the GPP predicted by using the CYCLOPES FAPAR product had a stronger 
positive correlation (r = 0.7) with the in-situ GPP measurements than those from MODIS 
FAPAR (r = 0.56) at this site (Figure 5.3 (e)). It can be observed in Figure 5.2 (e) that 
both the FAPAR products performed better at predicting the onset as opposed to the 
reduction of productivity. The Tonzi site experiences rain-drive productivity. This 
implies that availability of soil moisture is critical to its productivity. Even though the 
CASA model accounts for the influence of soil moisture on productivity in its design, it 
seems the effect of lack of soil moisture on the reduction of productivity is delayed in 
the model’s output. Yuan et al., (2007) reported that the soil moisture index for at 
Tonzi site reduced later when compared with the sites productivity. This delayed 
reduction in soil moisture mean that the CASA model would continue to predict high 
productivity thereby resulting in productivity trends out-of-phase with the in-situ 
patterns. The two FAPAR products resulted in gross primary productivity which was 
higher than the in-situ GPP measurements, especially in the second half of the growing 
season (Figure 5.2 (e)).  During this period of growing season, the GPP from the MODIS 
FAPAR product were higher than those from the CYCLOPES FAPAR product. Evaluation 
of the FAPAR products revealed that the MODIS FAPAR values were higher than those 
from the CYCLOPES FAPAR product at this site, which explains the high GPP from the 
MODIS FAPAR product (Figure 5.4 (e)). Overall, GPP from the CYCLOPES FAPAR product 
were closer (RMSE = 1.56) to the in-situ GPP measurements than those from the MODIS 
FAPAR product (RMSE = 2.65) at this site. The means of the GPP predicted by using the 
two FAPAR products were significantly different (p<0.05) to the mean of the in-situ GPP 
measurements at this site.  
 
At the Walnut River temperate grassland site, the use of the two FAPAR products 
resulted in GPP that captured the seasonal and interannual dynamics of in-situ GPP 
relatively well as indicated by the high positive Pearson’s correlation coefficient (r > 
0.9) (Figure 5.3 (f)). However, the two FAPAR products seem to predict an early onset 
of productivity at this site when compared with the in-situ measurements. Explanation 
for this observation is similar to those given previously, that is, the effect of Booker Ouma Ogutu    Influence of FAPAR on PEM models 
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compositing of the two products which leads to a shift in the greening to earlier dates 
(e.g.  Heinsch et al., 2006; Turner et al., 2006; Nightingale et al., 2007). Both the 
FAPAR products resulted in marginal overestimation of in-situ GPP at this site, with the 
MODIS FAPAR product resulting in higher GPP predictions than the CYCLOPES FAPAR 
product (Figure 5.2 (f) and Figure 5.3 (f)). Examination of the FAPAR products revealed 
that the MODIS FAPAR product was slightly higher than the CYLOPES FAPAR product at 
this site which explains the difference in the performance between the two products 
(Figure 5.4 (f)). The GPP predictions from the CYCLOPES FAPAR were closer (RMSE = 
1.73) to the in-situ GPP measurements than those from the MODIS FAPAR product 
(RMSE = 2.51) at this site (Figure 5.3 (f)).  
 
In summary, the above results reveal that the use of the two FAPAR products resulted 
in varying GPP predictions at different biomes. Apart from the cropland site, both 
FAPAR products resulted in overestimation of in-situ GPP in the rest of the evaluated 
biomes. The MODIS FAPAR product resulted in GPP predictions which were higher than 
those from the CYCLOPES FAPAR product. This was attributed to the fact that the 
MODIS FAPAR product was consistently higher than the CYCLOPES FAPAR product at 
most of the evaluated sites. The overestimation of in-situ GPP resulting from the use of 
the two FAPAR products is attributed to the way in which the two products define and 
derive FAPAR. The MODIS FAPAR product defines FAPAR as the instantaneous FAPAR at 
time of satellite overpass and is calculated by using direct and diffuse incoming 
radiation (Knyazikhin et al., 1998; Myneni et al., 2002). It uses reflectance values from 
the whole canopy recorded by the MODIS sensor to calculate FAPAR. This amounts to 
inclusion of the influence of non-photosynthetic components of the canopy (e.g. 
branches, stem, and leaf cell wall) in the calculation of the FAPAR. This would lead to 
an overestimation of in-situ FAPAR utilised in photosynthesis as only PAR absorbed by 
photosynthetic components of the canopy (i.e. chlorophyll) is utilised in 
photosynthesis. Furthermore, during the derivation of the MODIS FAPAR product, its 
algorithm has an interface with the MODIS land cover product. This can result in 
increased uncertainties in the produced FAPAR product especially if the land cover 
classifications are not accurate.  It has been reported that the MODIS FAPAR product 
tended to overestimate in-situ FAPAR measurements (Wang et al., 2004; Fensholt et al., 
2004; Weiss et al., 2007; Ogutu et al., 2012). Therefore, the over-estimation of in-situ 
FAPAR by the MODIS FAPAR product seems to propagate into the GPP predicted by 
using this product as shown in the present study and that conducted by Seixas et al., 
(2009).  
 
The CYCLOPES FAPAR is defined as the instantaneous radiation absorbed by green 
vegetation elements at 10h00 local time and has been reported to correspond to good Booker Ouma Ogutu    Influence of FAPAR on PEM models 
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approximation of the daily integrated FAPAR value during clear sky days (Weiss et al., 
2007). The CYCLOPES FAPAR is optimized for green vegetation elements (Bacour et al., 
2006; Baret et al., 2007). The algorithm that derives the CYCLOPES FAPAR utilises only 
the reflectance values recorded by the SPOT-VEGETATION sensor and does not 
interface with other products hence limiting uncertainties in its output. The fact that 
the CYCLOPES FAPAR algorithm is optimised for green vegetation implies that it 
minimises the inclusion of the influence of some of the non-photosynthetic woody 
components of the canopy (e.g. branches and stems) but not non-photosynthetic 
components of the leaf (e.g. cell wall, and veins). Therefore, the CYCLOPES algorithm 
product will produce FAPAR values closer to the in-situ FAPAR measurements and lower 
than the MODIS FAPAR (Weiss et al., 2007). However, the CYCLOPES FAPAR values are 
still higher than the actual FAPAR utilised in photosynthesis (i.e. PAR absorbed by 
chlorophyll) and hence its use in deriving GPP would result in overestimation of in-situ 
GPP as was shown in the present study.  
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Figure 5.3.The relationship between the gross primary productivity (GPP) 
measured at flux tower sites (Flux Tower GPP) and GPP derived by CASA model 
using two FAPAR products (i.e. CYCLOPES and MODIS FAPAR products) for each 
site representing different biomes. Data are means for the 3 x 3 km area 
centred on the tower. Apart from the Walnut River site, the differences between 
the means were significant (p<0.05). 
0 10 20 30
0
10
20
30
M
o
d
e
l
 
G
P
P
(
g
C
m
-
2
d
a
y
-
1
)
Flux Tower GPP (gCm-2day-1)
0 10 20 30
0
10
20
30
0 10 20
0
5
10
15
20
M
o
d
e
l
 
G
P
P
(
g
C
m
-
2
d
a
y
-
1
)
Flux Tower GPP (gCm-2day-1)
0 10 20
0
5
10
15
20
0 5 10 15
0
5
10
15
Flux Tower GPP(gCm-2day-1)
M
o
d
e
l
 
G
P
P
(
g
C
m
-
2
d
a
y
-
1
)
0 5 10 15
0
5
10
15
r = 0.44
RMSE = 2.34
Slope = 0.76
r = 0.93
RMSE = 2.78
Slope = 1.06
r = 0.83
RMSE = 4.25
Slope = 0.71
CYCLOPES FAPAR MODIS FAPAR
r = 0.37
RMSE = 3.87
Slope = 0.89
r = 0.82
RMSE = 4.55
Slope = 0.62
r = 0.87
RMSE = 3.67
Slope = 1.05
(b) Morgan - DBF
MODIS FAPAR
(a) Mead- Cropland
(c) Donaldson- ENF
CYCLOPES FAPAR MODIS FAPAR
CYCLOPES FAPARBooker Ouma Ogutu    Influence of FAPAR on PEM models 
  125   
 
Figure 5.3.cont: The relationship between the gross primary productivity (GPP) 
measured at flux tower sites (Flux Tower GPP) and GPP derived by CASA model 
using two FAPAR products (i.e. CYCLOPES and MODIS FAPAR products) for each 
site representing different biomes. Data are means for the 3 x 3 km area 
centred on the tower. Apart from the Walnut River site, the differences between 
the means were significant (p<0.05). 
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Figure 5.4.Seasonal and interannual dynamics of MODIS and CYCLOPES FAPAR 
for the evaluated six flux tower sites (a = Mead cropland site, b = Morgan 
Monroe - DBF site, c = Donaldson mediterranean ENF site, d = Niwot Ridge 
temperate ENF site, e = Tonzi savanna woodland site, and f = Walnut River 
temperate grassland site). Data are means for the 3 x 3 km area centred on the 
tower. 
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5.3.2. Annual GPP predictions for various biomes across 
conterminous USA 
 
The total and mean annual GPP predictions generated by using the two FAPAR products 
(i.e. MODIS and FAPAR products) in CASA model was compared across conterminous 
USA. For this comparison, the CASA model was run using a uniform light use efficiency 
term (1.1 gCMJ
-1PAR) across all the biomes (Porter et al., 1993; van der Werf et al., 
2003).  Table 5.3 presents the total and mean annual GPP predictions for key biomes 
across conterminous USA. There were marked differences between the GPP predicted 
from the two FAPAR products across the evaluated years (2001-2005). The use of 
CYCLOPES FAPAR product resulted in the lower annual total GPP predictions for all the 
biomes across the years than the use of MODIS FAPAR product (Table 5.3). For the 
study period, the use of CYCLOPES FAPAR product resulted in annual GPP values 
ranging from 6.81 PgCyr
-1 to 8.09 PgCyr
-1 while the use of MODIS FAPAR product 
resulted in annual GPP values ranging between 9.21 PgCyr
-1 to 10.51 PgCyr
-1. The total 
annual GPP predicted by using the CYCLOPES FAPAR product were closer to those 
reported by Running et al., (2004) - 6.2 PgCyr
-1 and Xiao et al., (2010) - 7.06 PgCyr
-1 , 
while the GPP from the MODIS FAPAR was closer to those reported by Zhuang et 
al.,(2003) - 9.49 PgCyr
-1 for conterminous USA. 
 
Overall, the mean annual GPP predictions for the five years from using the CYCLOPES 
FAPAR product was lower (7.34 PgCyr
-1) than that from the MODIS FAPAR product (9.86 
PgCyr
-1). In terms of individual biomes, the two FAPAR products predicted croplands as 
having the highest spatially integrated GPP (2.32 PgCyr
-1 to 3.24 PgCyr
-1) while 
grasslands had the lowest annual GPP (0.83 PgCyr
-1 to 1.46 PgCyr
-1). The broadleaf 
deciduous forests; evergreen needleleaf forests and shrublands had intermediate 
annual GPP predictions. Similar patterns of productivity across these biomes in 
conterminous USA were reported by Xiao et al., (2010). Therefore, it can be concluded 
that the use of the two FAPAR products resulted in recognised biome specific GPP 
patterns across conterminous USA. 
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Table: 5.3 Total Annual GPP (PgCyr
-1) for different Biomes from CASA model 
derived using CYCLOPES and MODSI FAPAR products for conterminous USA 
Year  Product  Cropland  Deciduous 
Broadleaf 
Forest 
Evergreen 
Needleleaf 
Forest 
Grassland  Shrub-
land 
Total 
2001  CYCLOPES  2.32  1.59  1.21  0.83  0.86  6.81 
MODIS  3.03  2.13  1.84  1.32  1.44  9.76 
2002  CYCLOPES  2.80  1.96  1.48  0.86  0.99  8.09 
MODIS  2.91  2.11  1.76  1.13  1.30  9.21 
2003  CYCLOPES  2.38  1.59  1.25  0.88  0.95  7.05 
MODIS  3.05  2.06  1.76  1.32  1.46  9.65 
2004  CYCLOPES  2.49  1.63  1.26  0.91  1.00  7.29 
MODIS  3.19  2.15  1.83  1.39  1.58  10.14 
2005  CYCLOPES  2.56  1.70  1.22  0.99  1.07  7.54 
MODIS  3.24  2.25  1.91  1.46  1.65  10.51 
Mean 
Annual 
GPP 
CYCLOPES  2.51  1.69  1.28  0.89  0.97  7.34 
MODIS  3.09  2.14  1.82  1.32  1.49  9.86 
 
 
5.3.3. Spatial distribution of GPP predictions across conterminous 
USA 
 
Figure 5.5 and 5.6 display the mean spatial distribution (from 2001-2005) of GPP 
predicted by CASA model using CYCLOPES and MODIS FAPAR products respectively. 
The two FAPAR products resulted in a generally similar spatial gradient of GPP across 
conterminous USA. Annual GPP exhibited a large spatial gradient from west to east. 
GPP predicted from all the products showed that the Gulf coast, the Southeast, the 
coastal Pacific Northwest had the highest GPP (~1500-2400 gCm
-2 yr
-1 ) while the 
Midwest and Northeast had intermediate GPP (~1000 – 1500 gCm
-2 yr
-1) and a majority 
of the western part of USA including the southwest had the lowest GPP values (~ <1000 
gCm
-2 yr
-1). These gradients are similar to those reported in previous studies (e.g. Xiao 
et al., 2010; Beer et al., 2010; Wang et al., 2011).  
 
There were some minor differences in the spatial representation of the GPP predicted 
using the two products. In the CYCLOPES FAPAR driven GPP output (Figure 5.5), the 
Northeast region had a larger area of high productivity than captured by the GPP 
output derived from MODIS FAPAR (Figure 5.6). The GPP from CYCLOPES FAPAR 
product predicted a higher GPP for the region around the Northwest of Montana and 
northern Idaho compared to GPP predicted by using the MODIS FAPAR product. Finally, 
the MODIS FAPAR product resulted in higher GPP estimates for forested parts of the Booker Ouma Ogutu    Influence of FAPAR on PEM models 
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Pacific coast than the CYCLOPES FAPAR product. Overall, the regions dominated by 
forests (both deciduous broadleaf and evergreen needleleaf forests) had the highest 
spatially averaged productivity, followed by croplands, then grassland and finally 
shrublands. Similar patterns have been reported in previous studies (e.g. Running et 
al., 2004; Xiao et al., 2010; Beer et al., 2010; Wang et al., 2011) implying that the use 
of both FAPAR products resulted in documented predictions of the spatial distribution 
of GPP across conterminous USA.  
 
 
Figure 5.5.The Spatial distribution of mean annual GPP (gCm-2 yr-1) (2001-
2005) from CASA model estimated using the CYCLOPES FAPAR Product 
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` 
Figure 5.6.The Spatial distribution of mean annual GPP (gCm-2 yr-1) (2001-
2005) from CASA model estimated using the MODIS FAPAR Product 
 
 
5.3.4. Uncertainties in the GPP predicted by using the FAPAR 
products across various biomes in conterminous USA 
 
To quantify the uncertainty in the GPP predicted by using the two FAPAR products, the 
range, median, mean and standard deviation were calculated for all the annual GPP for 
the study period (i.e. 2001-2005) for each of the biomes. Results from this analysis 
(Figure 5.7 and Figure 5.8) gave an indication of where the GPP output for each of the 
biomes is likely to fall when the two FAPAR products are used. GPP output from using 
the CYCLOPES FAPAR product showed the grassland biome as having the least 
uncertainty (narrow range and low standard deviation = ±0.06 PgCyr
-1) while cropland 
had the highest uncertainty (wider range and high standard deviation = ±0.18 PgCyr
-1) 
(Figure 5.7). GPP output from the MODIS FAPAR product showed that the evergreen 
needleleaf forest biome had the least uncertainty (narrow range and low standard 
deviation = ±0.06 PgCyr
-1) while cropland had the highest uncertainty (wider range and 
high standard deviation = ±0.14 PgCyr
-1) (Figure 5.8).  
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The large uncertainty from croplands shown by the GPP output from the two FAPAR 
products could be explained by crop rotation across the years which would lead to 
varying GPP values. The total GPP predictions from using the CYCLOPES FAPAR 
products for conterminous USA ranged from ~6.81 PgCyr
-1 to ~8.09 PgCyr
-1 and had a 
standard deviation of ± 0.49 PgCyr
-1, while the total GPP from MODIS FAPAR product 
ranged from ~9.21 PgCyr
-1 to ~10.51 PgCyr
-1 and had a standard deviation of ± 0.49 
(Figure 5.7 and Figure 5.8). Even though the two FAPAR products resulted in different 
total GPP values for conterminous USA across the evaluated years, the overall 
uncertainty was similar (standard deviation =±0.49 PgCyr
-1) between the GPP predicted 
by the two FAPAR products.  
 
 
 
Figure 5.7.Box plot showing Range, Median (line), Mean (+) and standard 
deviation of all the GPP predictions for each biome derived from using 
CYCLOPES FAPAR product(Date for 5 years (2001-2005), See Table 5.3)  
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Figure 5.8.Box plot showing Range, Median (line), Mean (+) and standard 
deviation of all the GPP predictions for each biome derived from using MODIS 
FAPAR product(Date for 5 years (2001-2005), See Table 5.3)  
 
5.4. Conclusion 
 
This chapter presented the analysis of the influence of two FAPAR products (i.e. 
CYCLOPES and MODIS FAPAR products) on ecosystem productivity modelling. The two 
FAPAR products were shown to vary in their prediction of in-situ FAPAR for various 
evaluated biomes. It was hypothesised that these differences would lead to differences 
in the GPP predictions from production efficiency models which use these products. 
Furthermore, the two FAPAR products have been shown to overestimate in-situ FAPAR 
used in photosynthesis, principally due to the way in which they define and calculate 
FAPAR.  
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Apart from the cropland site, the two FAPAR products resulted in overestimation of in-
situ GPP measurements for most of the biomes evaluated in the present study. The 
differences in the FAPAR values of the products were reflected in the GPP predictions 
made by the CASA model. The MODIS FAPAR product resulted in GPP values which were 
higher than those from the CYCLOPES FAPAR product. This reflected the fact that the 
MODIS FAPAR product had higher FAPAR values than the CYCLOPES FAPAR product in 
most of the evaluated biomes. Therefore, it can be concluded that the overestimation 
of in-situ GPP measurements by using the two FAPAR products could be attributed to 
error propagation from the FAPAR products into the PEM model. This finding highlights 
the importance of accurately estimating FAPAR which is an essential biophysical 
variable in modelling global carbon exchange. One recommended approach would be 
to develop a means of deriving only PAR absorbed photosynthetic components of the 
canopy (i.e. chlorophyll) as opposed to the existing operational FAPAR products which 
derive FAPAR for the whole canopy. 
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Chapter 6:  Estimation of the fraction of PAR 
absorbed by chlorophyll (FAPAR
chl) and its 
relationship with vegetation indices and 
operational FAPAR products  
 
6.1. Introduction 
 
The fraction of absorbed photosynthetic active radiation (FAPAR, 400-700nm) is an 
essential variable in most ecosystem productivity efficiency models (PEM) e.g. Potter et 
al., 1993; Prince and Goward, 1995; Ruimy et al., 1996; Running et al., 2000; 
Veroustraete et al., 2002; Running et al., 2004). FAPAR is the variable that controls the 
photosynthetic activity of plants and constitutes an indicator of the presence and 
productivity of live vegetation in these models (Gobron et al., 2006). Direct 
measurement of FAPAR is limited and as such it is often derived from satellite remote 
sensing data. The approaches used to estimate FAPAR involves either developing a 
linear or non-linear empirical relationship with a vegetation index (e.g. Normalised 
difference vegetation index-NDVI) (Prince and Goward, 1995; Fensholt et al., 2004) and 
leaf area index (LAI) (Ruimy et al., 1999) or inversion of a physically based radiative 
transfer models using satellite remote sensing data as constraints (Knyazikhin et al., 
1998; Myneni et al., 2002; Gobron et al., 2006; Baret et al., 2007).  
 
Currently, estimates of FAPAR derived using these approaches often refer to PAR 
absorbed by the whole canopy. However, a vegetation canopy is composed of 
photosynthetically active vegetation (PAV) and non-photosynthetic vegetation (NPV; 
e.g. branches, stem, senescent foliage). The presence of NPV has been found to inflate 
the canopy FAPAR (FAPAR
canopy) by as much as 10-40% in ecosystems with leaf area 
index (LAI) less than 3.0 (e.g. Asner et al., 1998). Furthermore, the photosynthetically 
active vegetation (PAV) such as leaves are also composed of components that are not 
involved in photosynthesis but absorb PAR (e.g. cell wall and brown pigments) which 
would also lead to overestimation of the actual FAPAR used in photosynthesis (Zhang 
et al., 2005). Only the PAR absorbed by chlorophyll (FAPAR
chl) is used in 
photosynthesis. Therefore, to accurately represent this FAPAR in production efficiency 
models, there is need to estimate only PAR absorbed by the photosynthetic 
components of the canopy (i.e. FAPAR
chl) rather than the whole canopy (FAPAR
canopy). It is 
hypothesised that the use of FAPAR
chlorophyll rather than FAPAR
canopy in PEM models would 
result in better prediction of in-situ gross primary productivity.  Booker Ouma Ogutu    Estimation of FAPAR
chlorophyll 
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Only few studies have attempted to derive FAPAR
chlorophyll partly due to the imperfect 
nature of the models used to generate data for this exercise and the difficulty of direct 
measurement of FAPAR
chlorophyll at canopy level (Zhang et al., 2005). Zhang et al., (2005) 
partitioned FAPAR canopy into FAPAR
leaf and FAPAR
chlorophyll using model data generated 
from a radiative transfer model (i.e. PROSAIL-2: Jacquemoud and Baret, 1990; Braswell 
et al., 1996) and reflectance data from the MODIS sensor. Hanan et al., (2002) on the 
other hand used an inversion of net ecosystem exchange (CO
2) data from eddy 
covariance flux tower measurements to estimate FAPAR absorbed by chlorophyll in the 
leaves. These studies did not offer suggestions of how the FAPAR
chlorophyll could be 
generated operationally from remotely sensed data.  
 
This chapter presents an attempt to derive FAPAR
chlorophyll using both model and in-situ 
data and then relating it to vegetation indices and operational FAPAR products. The 
aim of this exercise was to determine which of the vegetation indices (i.e. either broad-
band indices or red-edge based indices) were closely related to the FAPAR
chlorophyll so that 
they could be used as a surrogate of FAPAR
chlorophyll in ecosystem productivity modelling. 
Furthermore, the disparity between two operational FAPAR products (i.e. the MODIS 
and CYCLOPES FAPAR products) and the derived FAPAR
chlorophyll was assessed. This 
chapter is divided into two parts.  
 
The first part presents the estimation of three components of FAPAR (i.e. FAPAR
canopy, 
FAPAR
leaf and FAPAR
chlorophyll) using data simulated by a modified radiative transfer model 
(i.e.PROSAIL-2; Braswell et al., 1996; Zhang et al., 2005). The three components of 
FAPAR were then related to two categories of vegetation indices, that is, two broad-
band vegetation indices (NDVI; Rouse et al., 1973 and Enhanced Vegetation Index-EVI; 
Huete et al., 2002), and two red-edge based vegetation indices, (the MERIS Terrestrial 
Chlorophyll Index-MTCI; Dash and Curran, 2004 and CI
red edge; Gitelson et al., 2005) 
derived using reflectance data from the PROSAIL-2 model. It was hypothesised that the 
red-edge vegetation indices which have been shown to be more representative of 
canopy chlorophyll content (Dash and Curran, 2007; Giteslon et al., 2005) would have 
a more linear relationship with FAPAR
chlorophyll, than the broad-band indices which utilise 
reflectance data influenced by the whole canopy (i.e. using information from the near 
infrared and red bands which are influenced by the characteristics whole canopy).  
 
In the second part of this chapter, the estimation of FAPAR
chlorophyll using in-situ data from 
two eddy covariance flux tower sites (i.e. Harvard and Mead flux towers sites) in USA 
following the inversion algorithm proposed by Hanan et al., (2002) is presented. To 
distinguish between the FAPAR
chlorophyll derived from the radiative transfer model data Booker Ouma Ogutu    Estimation of FAPAR
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with that from in-situ data, the FAPAR
chlorophyll from inversion of in-situ data will 
henceforth be referred to as Fchl. After deriving the Fchl it was compared with two 
operational vegetation indices products (i.e. MTCI and EVI) to determine which of these 
indices could be used as proxy to Fchl in ecosystem modelling. Finally, the Fchl was 
compared with two operational FAPAR products (i.e. MODIS FAPAR and CYCLOPES 
FAPAR) to determine their disparity at representing PAR absorbed by photosynthetic 
components of the canopy (i.e. chlorophyll).  
 
 
6.2. Estimation of FAPAR
chlorophyll using radiative transfer 
modelling approach 
 
The PROSAIL-2 model (Braswell et al., 1996; Zhang et al 2005) was used to generate 
reflectance, absorbance and transmittance data used to calculate three components of 
FAPAR (i.e. FAPAR
canopy, FAPAR
leaf and FAPAR
chlorophyll) following methodology described in 
Zhang et al., (2005). The PROSAIL-2 model and the methodology for deriving the 
components of FAPAR are described below.  
 
 
6.2.1. Description of the PROSPECT + SAIL-2 (PROSAIL-2) model 
 
The PROSAIL-2 model is a coupled radiative transfer model consisting of the PROSPECT 
model (Jacquemoud and Baret, 1990; Feret et al., 2008) and a modified version of the 
Scattering from Arbitrary Inclined Leaves (SAIL) model (Verhoef, 1984; Braswell et al., 
1996). The PROSPECT model is a leaf radiative transfer model that simulates leaf 
directional-hemispherical reflectance and transmittance from 400nm to 2500nm with a 
minimum number of input variables to facilitate its inversion (Jacquemoud and Baret, 
1990; Feret et al., 2008).The leaf models (e.g. PROSPECT) have the physical and 
biochemical properties of leaves as input and reflectance spectra as output of the 
model. The PROSPECT model is based on Allen et al (1969) plate model of leaf 
reflectance where the optical properties of the leaf are characterised by an effective 
index of reflection and an effective index of absorption. The PROSPECT model is based 
on four assumptions: a plant leaf is a transparent plate with rough plane parallel 
surfaces, a plant leaf is composed of N horizontal layers separated by N-1 air spaces, 
light fluxes are isotropic, and that there is uniform distribution of water, pigment and 
structure inside a leaf (Jacquemoud and Baret, 1990). The PROSPECT model has four 
major input variables: refractive index of the leaf material, incidence angle, 
transmission coefficient and number of layers in a leaf. In addition to these, the Booker Ouma Ogutu    Estimation of FAPAR
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original PROSPECT model also requires information on leaf biochemical constituents, 
that is, leaf chlorophyll content (C
ab), leaf water thickness (C
w) and leaf dry matter 
content (C
m). A new version of PROSPECT model has the fifth variable (i.e. the brown 
pigment-C
brown) implemented (Feret et al., 2008). The new PROSPECT with five variables 
was coupled with the SAIL-2 and used in the present study.  
 
The SAIL model is a canopy radiative transfer model that simulates directional-
hemispherical reflectance and transmittance through a canopy (Verhoef, 1984). The 
model is based on an idealised canopy architectural features and transport system that 
assume that the plant stand is horizontally homogenous and laterally infinite. The SAIL 
model is based on six assumptions: the canopy is horizontal and infinitely extended, 
the canopy components are small and leaves are flat, the leaf layer is homogenous, the 
distribution of leaf orientation can be described by a leaf area orientation distribution 
function, and leaf azimuth angles exhibit a random distribution. In the SAIL model, the 
canopy morphology is described using the leaf area index, leaf inclination density and 
leaf layer thickness (Verhoef, 1984). Several versions of the SAIL model have been 
developed (e.g. Verhoef, 1984; Andrieu et al., 1997; Jacquemoud et al., 2000). The 
SAIL model used in the present study is that modified by Braswell et al., (1996) (that is, 
the SAIL-2 version). The SAIL-2 model partitions vegetation canopy into stems and 
leaves, with the stems having their own spectral reflectance properties that are more 
similar to soil and litter than green leaves (Braswell et al., 1996; Zhang et al., 2005).  
 
The coupled PROSAIL-2 model uses reflectance and transmittance data modelled by the 
PROSPECT component of the model as input into the SAIL-2 component of the model to 
derive canopy reflectance and transmittance data. The PROSAIL-2 model has three 
groups of variables: (1) observation viewing geometry variables; (2) an atmospheric 
condition (visibility) variable; and (3) biophysical and biochemical variables (Braswell et 
al., 1996; Zhang et al., 2005). Table 6.1 lists the variables required in running the 
PROSAIL-2 model and the search ranges for these variables proposed by Zhang et al., 
(2005). The stem and soil reflectance data included in the PROSAIL-2 model were 
generated by field measurements undertaken by Braswell et al (1996) and are included 
as part of the model’s data suite. The source code for the PROSAIL-2 model was 
acquired from Dr. Bobby Braswell, Institute for the Study of Earth, Oceans and Space, 
University of New Hampshire, United States. 
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Table 6.1 Variables used to run the PROSAIL-2 model and their ranges 
(Adapted from Zhang et al., 2005). 
  Variable  Description  Unit  Range 
 
Biophysical/ 
biochemical 
variables 
PAI  Plant area index (stem and leaf area)    1-8 
SFRAC  Stem fraction    0-1 
CF  Cover fraction: area of land covered by 
vegetation  
  0.5-1 
C
ab  Leaf chlorophyll a + b content  µg/cm
2  0-100 
N  Leaf structure variable: measure of the 
internal structure of leaf 
  1.0 – 4.5 
C
w  Leaf equivalent water thickness  cm  0.001-0.15 
C
m  Leaf dry matter  g/cm
2  0.001-0.04 
C
brown  Leaf brown pigment content    0.00001-8 
LFINC  Mean leaf inclination angle  degree  10-89 
STINC  Mean stem inclination angle  degree  10-89 
LFHOT  Leaf BRDF variable: length of leaf/height 
of vegetation 
  0-0.9 
STHOT  Stem BRDF variable: length of 
stem/height of vegetation 
  0-0.9 
STEM
A  Stem reflectance variable: maximum 
(for a fitted function) 
  0.2-20 
STEM
B  Stem reflectance variable: range(for 
same fitted function 
  50-5000 
SOIL
A  Soil reflectance variable: maximum(for a 
fitted function)   
  0.2-20 
SOIL
B  Soil reflectance variable: range (for 
same fitted function) 
  50-5000 
Atmospheric 
condition 
variable 
VIS  Diffuse/direct variable: scope of 
atmospheric clarity 
km  50 
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6.2.2. Calculation of FAPAR
canopy, FAPAR
leaf, and FAPAR
chlorophyll 
 
The PROSAIL-2 model was run in a forward mode to generate reflectance, 
transmittance and absorption data at 1nm interval from 400nm-1500nm by varying the 
key input parameters in Table 6.1(i.e. PAI, SFRAC, CF, C
ab, N, C
w, C
m, and C
brown) following 
a logical progression (e.g. PAI increasing from spring to summer and then reducing in 
autumn) of changes in these variables in a deciduous vegetation canopy scenario from 
spring to summer to autumn. The simulated data was then used to calculate the 
various constituents of FAPAR (i.e. FAPAR
canopy, FAPAR
leaf and FAPAR
chlorophyll) and vegetation 
indices. To generate data to calculate FAPAR
canopy, the PROSAIL-2 model was run for the 
whole canopy conditions (i.e. both leaf and stem reflectance were included in the runs). 
To generate data for calculating FAPAR
leaf, the PROSAIL-2 model was run only for leaf 
settings (i.e. without the stem reflectance component). Finally to generate data for 
calculating FAPAR
chlorophyll, the PROSAIL-2 model was run for leaf setting and only data 
from the chlorophyll absorption spectra was used in calculating FAPAR absorbed by 
chlorophyll. The formulas used to calculate the components of FAPAR were as follows 
(Goward and Huemmrich, 1992; Braswell et al., 1996; Zhang et al., 2005): 
 
             = 
          
    
………………………………..…......         6.1 
 
          =
        
    
………………………………..……….…....         6.2  
 
                 =
       
    
……………………..……………..…         6.3  
 
           =          +          ………………………….…         6.4 
 
         =         +                +                   …         6.5 
 
Where PAR
O is the incoming photosynthetic active radiation (PAR: 400nm -700nm) at 
the top of the canopy while APAR is the absorbed PAR. APAR
canopy is PAR absorbed by 
canopy, APAR
leaf is PAR absorbed by leaf, APAR
stem is PAR absorbed by stem, APAR
chl is 
PAR absorbed by chlorophyll, APAR
dry matter is PAR absorbed by dry matter, and APAR
brown 
pigment is PAR absorbed by brown pigments in the leaf. Booker Ouma Ogutu    Estimation of FAPAR
chlorophyll 
  140   
 
6.2.3. Description and calculation vegetation indices  
 
The four vegetation indices compared with the components of FAPAR are described 
below. The vegetation indices were calculated using model data generated by the 
PROSAIL-2 model.  
 
6.2.3.1. Enhanced Vegetation Index –EVI 
 
The EVI was developed to optimize the vegetation signal with improved sensitivity in 
high biomass regions and improved vegetation monitoring by decoupling the effects of 
background signal and a reduction in atmosphere influences (Huete et al., 2002). The 
EVI is calculated as: 
 
    =    
    −    
    +  1    −  2     +  
 …………………………         6.6 
 
Where NIR, Red and Blue are atmospherically corrected surface reflectance in the near-
infrared, red and blue bands respectively; G is the gain factors usually set at 2.5; C1 
and C2 are the coefficients (set at 6 and 7.5 respectively) which are used with the blue 
band to correct for aerosol influences in the red band; and L functions as a soil 
adjustment factor (usually set at L=1) (Huete et al., 2002). The mean of reflectance 
data generated by PROSAIL-2 in the blue, red and near-infrared bands was used to 
derive EVI using equation 6.6. 
 
6.2.3.2. MERIS Terrestrial Chlorophyll Index – MTCI 
 
The MERIS Terrestrial Chlorophyll Index (MTCI) is calculated as surrogate index for the 
red edge position (REP). The MTCI is calculated using reflectance data from the red 
edge position of the MERIS sensor data as follows (Dash and Curran, 2004): 
 
     = 
    .       .  
    .        .  
………………..………….         6.7 
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Where R
753.75, R
708.75, and R
681.25 are reflectance in the centre wavelengths of the MERIS 
standard band setting. The MTCI has been shown to be more sensitive to canopy 
chlorophyll content (Dash and Curran, 2007). The model data from the PROSAIL-2 
model was used to calculate MTCI using equation 6.7. 
 
6.2.3.3. CI Red Edge 
 
The chlorophyll index of red edge (CI
red edge) is calculated as a ratio between two band 
positions in the red region of the electromagnetic spectrum (Equation 6.8).  
 
           =
    
    
− 1……………………………………         6.8 
 
Where R
750 and R
710 are reflectance data at the red edge bands. The index has been 
found to be closely related to chlorophyll content in maize and soybean canopies 
(Gitelson et al., 2005, 2006). Reflectance data from the PROSAIL-2 model was used to 
calculate the CI
red edge using equation 6.8. 
 
6.2.3.4. NDVI 
 
The normalised difference vegetation index (NDVI) is a numerical indicator of whether 
a target has live green vegetation (Rouse et al., 1973). It is calculated as a ratio 
between reflectance values in the red and near infrared bands (Equation 6.9): 
 
     = 
    −    
    +    
……………………………         6.9 
 
Where NIR and Red are reflectances in the near-infrared and red bands of the 
electromagnetic spectrum respectively. The mean of reflectance data generated by 
PROSAIL-2 in the red and near-infrared bands was used to derive NDVI using equation 
6.9. 
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6.2.4. Results and Discussion 
 
6.2.4.1. FAPAR
canopy, FAPAR
leaf and FAPAR
chlorophyll derived using data from 
PROSAIL-2 model 
 
Figure 6.1 displays FAPAR
canopy, FAPAR
leaf and FAPAR
chlorophyll calculated using the PROSAIL-2 
model data with the equations described in section 6.2.2. The simulations were made 
by varying the input variables of the model linearly to reflect their changes in 
vegetation canopy over a growing season in a deciduous vegetation scenario (i.e. 
having three distinct growing seasons: spring, summer, and autumn). Overall, the 
FAPAR
canopy estimates were highest followed by FAPAR
leaf and lastly FAPAR
chlorophyll. In the 
summer modelling set-up, the FAPAR
canopy and FAPAR
leaf were closer to each other than 
the FAPAR
chlorophyll. A suggested explanation for this is that during this time of growing 
season, the canopy is dominated by leaves and hence the PAR absorbance of the 
canopy is dominated by leaves and less by stems. Similar observations were made by 
Zhang et al., (2005) using inversion of the PROSAIL-2 model using MODIS data. The 
difference between the FAPAR
canopy and FAPAR
leaf are slightly wider in the spring and 
autumn season as more absorption by the stem is captured by the model data. The 
difference between the FAPAR
canopy and FAPAR
leaf is attributed to PAR absorption by the 
stem. Differences were also observed between FAPAR
leaf and FAPAR
chlorophyll. The 
difference between FAPAR
leaf and FAPAR
chlorophyll is attributed to PAR absorption by non-
photosynthetic elements in the leaf (e.g. cell-wall, veins, and brown pigments). In the 
spring and autumn modelling set-up the FAPAR
chlorophyll was closer to the FAPAR
leaf. During 
these times, chlorophyll is either diminished or is still being produced in the leaves 
hence the PAR absorbance is influenced by other elements in the leaf (e.g. cell-wall, 
veins, and brown pigments). This would result in FAPAR
chlorophyll being closer to FAPAR
leaf.  Booker Ouma Ogutu    Estimation of FAPAR
chlorophyll 
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Figure 6.1.Seasonal changes in FAPARcanopy, FAPARleaf and FAPARchlorophyll 
calculated using simulated data from PROSAIL-2 model 
 
6.2.2.2. Relationship between FAPAR
canopy, FAPAR
leaf, FAPAR
chlorophyll and 
vegetation indices  
 
The relationship between components of FAPAR (FAPAR
canopy, FAPAR
leaf, and FAPAR
chlorophyll) 
and the vegetation indices (MTCI, CI
red-edge, EVI and NDVI, are given in Figure 6.2. The 
MTCI and CI
red-edge data were rescaled (i.e. to between 0 and 1) to match the FAPAR scale. 
Regression line that best described the shape of the relationship between the 
vegetation indices and the components of FAPAR (that is, either polynomial or linear) 
was used. The red edge based indices (i.e. MTCI and CI
red-edge) were more linearly related 
to FAPAR
chlorophyll (MTCI R
2 = 0.99; CI
red edge R
2 = 0.98). Even, though the two indices had a 
high positive correlation coefficient with FAPAR
leaf (MTCI R
2 = 0.96; CI
red edge R
2 = 0.96) and 
FAPAR
canopy (MTCI R
2 = 0.95; CI 
red edge R
2 = 0.93), the relationship was non-linear and was 
described by a polynomial fit (Figure 6.2). The red-edge absorption spectrum is mainly 
influenced by changes in chlorophyll concentration in the leaves (Curran, 1989). Both 
the MTCI and CI
red edge indices have been shown to be closely related to chlorophyll 
content of the canopy (Dash and Curran, 2007; Gitelson et al., 2005). The ability of the 
two red edge based indices to track canopy chlorophyll seem to make them better at 
tracking changes in the fraction of PAR absorbed by chlorophyll content of the canopy 
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than the fraction of PAR absorbed by the leaf or the whole canopy. The absorbance of 
PAR by the leaf and canopy are influenced by more parameters (e.g. stem, cell-wall, 
brown pigments, and leaf dry matter) which vegetation indices based on the red-edge 
cannot fully track. This explains the non-linearity of the relationship between the red-
edge based indices and the fraction of PAR absorbed by the leaf and the whole canopy.  
 
The broad-band vegetation indices evaluated (i.e. EVI and NDVI) were more linearly 
correlated to the fraction of PAR absorbed by the leaf (FAPAR
leaf) (i.e. EVI R
2 = 0.98; 
NDVI R
2= 0.97). The two indices were non-linearly but positively correlated to 
FAPAR
canopy (EVI R
2 = 0.94; NDVI R
2 = 0.91) and FAPAR
chlorophyll (EVI R
2 = 0.95; NDVI R
2 = 
0.93) (Figure 6.2). The two indices use data from both the red and near-infrared bands. 
The absorption spectrum of the red band is mostly influenced by chlorophyll pigments 
in the leaf (Lichtenthaler, 1987; Curran, 1989; Sims and Gamon, 2002) whereas the 
absorption spectrum of the near-infrared band is mostly influenced by leaf internal 
structures (Curran, 1989; Sims and Gamon, 2002). The two indices are therefore well 
suited at tracking the changes in the whole leaf (i.e. capturing the influence of both the 
leaf pigments and leaf internal structures on reflectance). The capability of the two 
indices in tracking changes in leaf composition makes them better at tracking fraction 
of PAR absorbed by leaf (FAPAR
leaf) than by the whole canopy (FAPAR
canopy) or just the leaf 
chlorophyll content (FAPAR
chlorophyll). These results support the hypothesis that red-edge 
based vegetation indices would perform better at representing the fraction of 
photosynthetic active radiation (PAR) absorbed by the chlorophyll content of the 
canopy than broad-band vegetation indices. The red edge based indices are therefore 
suitable candidates for representing FAPAR
chlorophyll in ecosystem productivity modelling.  
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Figure 6.2.Relationship between FAPARcanopy, FAPARleaf, and 
FAPARchlorophyll and vegetation indices 
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6.3. Estimation of PAR absorbed by chlorophyll (Fchl) 
through inversion of in-situ eddy covariance net 
ecosystem exchange data  
 
The methodology proposed by Hanan et al (2002) was used to derive PAR absorbed by 
chlorophyll (Fchl) using data from two eddy covariance flux tower sites (i.e. Harvard 
Forest and Mead irrigated cropland). The Fchl data at these two flux tower sites were 
then compared with data from two operational vegetation indices (i.e. MTCI and EVI) 
and two FAPAR products (i.e. CYCLOPES and MODIS FAPAR products). 
 
6.3.1. Description of the inversion algorithm for estimating Fchl  
 
The methodology proposed by Hanan et al., (2002) is based on the concept that at leaf 
and canopy level, photosynthesis and CO
2 uptake by C
3 and C
4 species generally 
respond near-linearly to increasing photosynthetically active radiation (PAR) flux 
density while light intensity is low. As light intensity increases, photosynthesis levels 
off towards asymptote especially in C
3 plants. Due to this reason, the inversion method 
is limited to low light conditions especially in locations dominated by C
3 plants.  In the 
Hanan et al., (2002) study, the limit for light intensity was set at 300 µmol m
-2s
-1. 
However, this limit can be adjusted to suit the climatology of the area under 
investigation and photosynthetic capacity of plants in that ecosystem. In the present 
study, a maximum incident PAR of 800 µmol m
-2 s
-1 for the Harvard Forest site 
(dominated by C
3 plants) and 1000 µmol m
-2 s
-1 for the Mead irrigated site (dominated 
by C
4 plant). These values were acquired from literature which indicated they represent 
the maximum values of PAR at which photosynthesis becomes light saturated in the 
plant types found at the two flux tower sites (e.g. McCree, 1984; Bassow and Bazzaz, 
1998; Koike et al., 2001). 
 
In the inversion algorithm, the whole ecosystem exchange (NEE µmol m
-2 s
-1) is 
described as: 
 
    =     ∗     +      …………………………………..         6.10 
 
Where α
e (mol mol 
-1) represents the ecosystem light use efficiency (the number of 
moles of CO
2 fixed per mole of PAR incident on the canopy) and R
eco (µmol m
-2 s
-1) is the 
whole-ecosystem respiration. Equation 6.10 can be used to estimate R
eco and α
e by Booker Ouma Ogutu    Estimation of FAPAR
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regression of measured CO
2 flux against incident PAR. In this regression, the slope of 
the relationship represents the ecosystem light use efficiency and the intercept (PAR=0) 
represents the whole ecosystem respiration (Suyker and Verma, 2001; Hanan et al., 
2002). It is suggested that the ecosystem light use efficiency (α
e) can further be divided 
into a physiological component (α, the intrinsic quantum yield) that can be estimated, 
and an unknown structural component, Fchl, which represents the efficiency of 
absorption by photosynthetic components of canopy (Hanan et al., 2002). The 
relationship can therefore be written as: 
 
    =     ∗   ℎ  ∗     +      …………………….……....         6.11 
 
Where α
a (mol mol 
-1) is the ‘actual quantum yield’ (the number of moles of CO
2 fixed 
per mole of PAR absorbed by chlorophyll in the canopy). In C
4 plants where Rubisco 
oxidation (i.e. addition of oxygen to the Rubisco enzyme through photorespiration 
hence reducing photosynthesis efficiency) is minimal, the actual quantum yield is 
similar to intrinsic yield of photosynthesis. In the C
3 plants where Rubisco oxidation 
occurs, the actual quantum yield depends on temperature and leaf internal CO
2 
concentrations (Ehleringer et al., 1997; Hanan et al., 2002). Therefore, in mixed 
canopies the net ecosystem exchange can be written as: 
 
    =     × ƒ   [       +  1 −       ] +      ……….         6.12 
 
Where, PC
3is the proportion of C
3 species in the canopy, α
3 is the intrinsic quantum 
yield of C
3 species, Ψ (unitless) is a function of temperature and leaf internal CO
2 
concentration in C
3 species, α
4 is the intrinsic quantum yield of C
4 species.  Regression 
between NEE and PAR can be used to estimate the slope term (α
e) and by using the 
terms in Equation 6.12, Fchl can be estimated as: 
                          
     
  
     Ψ            
………………………………………         6.13 
 
The terms α
3 and α
4 were set at 0.08 mol mol
-1 and 0.05 mol mol
-1 constants 
respectively as prescribed by Collatz et al., (1991, 1992). Laboratory measurements 
and kinetic analyses using chloroplast suspensions have shown that these values 
accurately describe the intrinsic quantum yield of C
3 and C
4 plants respectively (Collatz 
et al., 1991, 1992). The term Ψ in equation 6.13 was reported empirically as a second 
order polynomial fitted between chloroplast CO
2 concentration and temperature for a 
range of CO
2 concentrations (Hanan et al., 2002).  In the present study, the chloroplast 
CO
2 concentrations of 275 mol mol 
-1 which was shown to yield acceptable results Booker Ouma Ogutu    Estimation of FAPAR
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(Hanan et al., 2002) was considered ideal. Therefore the polynomial equation derived 
by Hanan et al (2002) for CO
2 concentrations at 275 mol mol 
-1 was used to describe Ψ: 
 
  = 0.0043049  − 0.0002077   + 0.8973228……………..         6.14 
 
Where T(°C) is leaf temperature. In the present study, the average mean air 
temperature measured at the specific study sites was used as a proxy to leaf 
temperature. Though this is not always the case, some studies have shown that the 
variation between leaf temperature and air temperature is minimal (<2°C) in temperate 
climates (Dillaway and Kruger, 2010). 
 
 
6.3.2. Study site descriptions 
 
Net ecosystem exchange data from two contrasting Ameriflux tower sites (i.e. a 
cropland site-Mead irrigated site and a deciduous broadleaf forest site - Harvard 
Forest) were used in the inversion algorithm to derived PAR absorbed by chlorophyll 
(Fchl).  
 
6.3.2.1. Harvard Forest Flux Tower Site  
 
The Harvard forest flux tower site (Lat. 42.5378 N; Long. 72.1715W, elevation 340m) is 
located in western Massachusetts, USA. It primarily consists of mature deciduous 
broadleaf forest. The area around the tower is dominated by red oak (Quercus rubra), 
and red maple (Acer rubrum), with scattered stands of Eastern hemlock (Tsuga 
Canadensis), black birch (Betula lenta), and white pine (Pinus strobus). Nearly 
continuous forest extends for several kilometres northwest, west and southwest of the 
tower, the predominant wind directions (Urbanski et al., 2007). The forest is composed 
of 50-70 year-old trees which support a leaf area index of between 3.5 and 4 during 
growing season (Waring et al., 1995). The climate is cool temperate (January mean 
weekly temperature -6°C, July mean 20°C) and humid, with precipitation distributed 
evenly throughout the year (annual mean of 1100mm).  
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6.3.2.2. Mead Irrigated Flux Tower Site 
 
The Mead irrigated site (Lat. 41.1651N; Long. 96.4766W, elevation 361m) is located at 
the University of Nebraska Agricultural Research and Development Centre near Mead, 
NE, USA. The site is under maize crop and is irrigated with a centre pivot system and is 
sufficiently large to provide sufficient upwind necessary to measure carbon and energy 
fluxes using eddy covariance techniques (Verma et al., 2005). Since 2001, the site has 
been under no till. In this system seeds are planted directly below the existing crop 
residue of the previous year with no soil disturbance except for the action of seed 
placement (Verma et al., 2005). The site is dominated by deep silty clay loams and has 
a very gentle slope. The mean air temperature is approximately 21.8°C in summer. The 
mean annual precipitation ranges between 810mm and 880 mm (Verma et al., 2005).  
 
6.3.3. Flux tower eddy covariance data  
 
The eddy covariance method has become the main method for sampling ecosystem 
carbon, water, and energy fluxes from hourly to interannual time scales (Baldocchi et 
al., 2001). At the flux tower sites a number of parameters are measured using various 
methods and instruments (e.g. Baldocchi et al., 2001, 2003). Some of the parameters 
measured at these sites include: fluxes of CO
2, sensible heat, latent heat and 
momentum, mean air temperature, humidity, horizontal wind speed, incident and 
reflected solar radiation, photosynthetic active radiation, net radiation, soil heat flux, 
and soil temperature (Baldocchi et al., 2001). Some of these datasets (e.g. NEE, and 
ecosystem respiration) are derived rather than measured (Reichstein et al., 2005). Five 
years of data (2001-2005) on net ecosystem exchange (day-time NEE), photosynthetic 
active radiation (PAR), mean air temperature, and ecosystem respiration (R
eco) for the 
sites used in the present study (i.e. Mead irrigated cropland and Harvard Forest) were 
acquired from the Ameriflux website (http://public.ornl.gov/ameriflux).  
 
6.3.4. FAPAR products  
 
Two FAPAR products (i.e. MODIS and CYCLOPES FAPAR) products were evaluated 
against the Fchl derived through the inversion of net ecosystem exchange. 
Descriptions of the two FAPAR products are provided in previous chapters of this 
thesis. Collection 5 MODIS FAPAR product was acquired from the Earth Observation 
System (EROS) Data Active Archive Centre (https://lpdaac.usgs.gov/lpdaac/products/). Booker Ouma Ogutu    Estimation of FAPAR
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The product is at 1km spatial resolution and 8-day temporal composite. It is 
accompanied by a quality control flag which was examined and only data of good 
quality were used in subsequent analysis. Version 3.2 CYCLOPES FAPAR product was 
acquired from the Postel-Media website (http://postel.mediasfrance.org). The 
CYCLOPES FAPAR datasets are accompanied with quality control flags which indicates 
when the algorithm fails to retrieve FAPAR data due to either lack of more than 2 cloud 
free observations during the compositing window (usually 30 days) or when the 
retrieval is out the valid range. Only good quality data was used in subsequent 
analysis. 
 
6.3.5. Vegetation indices  
 
Two operational vegetation indices (i.e. EVI, Huete et al., 2002; and MTCI, Dash and 
Curran, 2004) were evaluated against the estimated Fchl over the two flux tower sites. 
The EVI was developed as a standard satellite vegetation product for the Moderate 
Resolution Spectroradiometer (MODIS) sensors. It has been found to be more linearly 
correlated to green leaf area index (LAI) in crop fields (Boegh et al., 2002) and less 
prone to saturation in temperate and tropical forests (Huete et al., 2006). Since there 
are no operational 8-day composite EVI products, MODIS surface reflectance data was 
acquired from the MODIS products website 
(http://modis.gsfc.nasa.gov/data/dataprod/) and used to calculate EVI over the study 
sites at 8-day temporal resolution.  
 
The operational MERIS Terrestrial Chlorophyll Index (MTCI) is derived from reflectance 
data from the standard band setting of the Medium Resolution Imaging Spectrometer 
(MERIS) sensor. The MTCI is calculated as a surrogate index for the red edge position 
(REP) and has been shown to be sensitive to canopy chlorophyll content (Dash and 
Curran, 2007). The MTCI data is at 1km spatial resolution and 8-day temporal 
resolution. The MTCI data used in the present study was acquired from NERC Earth 
Observation Data Centre (http://www.neodc.rl.ac.uk).The MTCI data was processed by 
Astrium GEO (http://www.astrium-geo.com/uk/) and the MERIS data used to generate 
the MTCI were provided by the European Space Agency (ESA).  
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6.3.6. Data Analysis 
 
The inversion process was done by regressing the measured CO
2 flux against incident 
PAR (i.e. <800 µmol m
-2 s
-1 for the Harvard Site and <1000 µmol m
-2 s
-1 for the Mead site) 
to estimate ecosystem light use efficiency (α
e) as the slope and whole ecosystem 
respiration (R
eco) as the intercept (Equation 6.10). The regression were calculated for 
each day of the 5 year study period using a 7-day moving average window of 
measurements centred on the day in question and a standard least-square linear 
regression procedure (Sokal and Rohlf, 1981, Hanan et al., 2002). Mean air 
temperature for each day of measurement was calculated and used in the regression. 
Equation 6.13 was then used to compute estimates of Fchl. 
 
As there were no in-situ measurements of PAR absorbed by chlorophyll, to test the 
performance of the inversion procedure in in deriving Fchl, respiration data from the 
inversion procedure was compared with in-situ respiration measurements at the two 
flux tower sites. This gave an indication of the performance of the inversion procedure 
in estimating Fchl. Coefficients of determination (R
2) and root mean square error 
(RMSE) were calculated to compare the Fchl with the vegetation indices and the FAPAR 
products. The vegetation indices and FAPAR products data used in the comparison 
exercise are means for the 3km x 3 km area centred on the flux tower sites.  
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6.3.7. Results and discussion 
 
6.3.7.1 Inverted ecosystem light use efficiency (α
e)  
 
Figure 6.3 display the fitted slope, (representing realised ‘whole ecosystem light use 
efficiency’, α
e), derived from the inversion of the regression between incoming 
photosynthetic active radiation (PAR) and net ecosystem productivity (NEE) (See 
equation 6.10) for Harvard deciduous broadleaf forest and Mead-irrigated crop site for 
five years (2001-2005). The grey shading in the graphs represent standard error 
bounds. As expected, the ecosystem light use efficiency increased in spring, peaked in 
summer, reduced in the autumn, and was at minimum in winter. The light use 
efficiency (LUE) covaried with the temperature recorded for the two sites (Figure 6.4).  
 
Even though the two biomes are characterised by different plant functional types (i.e. 
C
3 plants in Harvard Forest and C
4 crop in Mead-Irrigated site), the predicted ecosystem 
light use efficiency were similar. Theoretically, C
4 plants should have higher LUE or 
quantum yield than C
3 plants. However, because of additional energy requirements to 
regenerate phosphoenolpyruvate from pyruvate in the operation of the C
4 cycle 
(Farquhar and von Caemmerer, 1982), they tend to have lower LUE than the C
3 plants. 
The LUE of C
3 plants has been shown to be reduced from maximum values by 
photorespiration and since photorespiration is a temperature-dependent, the LUE of C
3 
plants declines with increasing temperatures (Osborne and Garrett, 1983; Long et al., 
1993; Ehleringer et al., 1997). Therefore, the high photon requirements of C
4 plants 
and the photorespiration impact on quantum yield in C
3 plants offset each other 
resulting in similar ranges of LUE as observed in Figure 6.3. 
 
The apparent light use efficiency varied from a minimum of 0 to 0.055 mol C mol
-1 PAR. 
This range is slightly higher than those reported for a grassland site and a wheat field 
by Hanan et al., (2002). This is expected as the deciduous broadleaf forest site 
(Harvard Forest) and the maize crop site (Mead Irrigated) evaluated are more 
productive than the grassland and wheat sites. Furthermore, a higher maximum PAR 
threshold (800µmol m
-2 s
-1 and 1000 µmol m
-2 s
-1) was used in the present study 
compared to 300 µmol m
-2 s
-1 used in Hanan et al., (2002). The ecosystem light use 
efficiency (LUE) values reported in the present study (Figure 6.3) were also higher than 
those reported by Zhang et al., (2009) for an old Aspen Forest site (i.e.0.0229 to 
0.0253). The main reason for this disparity is that LUE in the present study is for the 
whole ecosystem while Zhang et al., (2009) calculated LUE for chlorophyll elements of Booker Ouma Ogutu    Estimation of FAPAR
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the canopy only. There were slight differences in the evolution of light use efficiency 
between the Harvard Forest site and the Mead irrigated crop site. The rate of change in 
light use efficiency in the cropland site was steeper than in the forest site, suggesting a 
faster rate of primary productivity. This is expected as C
4 plants such as maize are 
highly productive and with optimal growing conditions would result in faster 
productivity rates than C
3 plants (Ehleringer et al., 1997).  
 
 
Figure 6.3.Fitted slope (‘whole ecosystem light use efficiency’, αe) of the 
regression between NEE and PAR for the Harvard deciduous broadleaf forest 
site and Mead irrigated crop site (black dots = slope and grey shade = standard 
error).  
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Figure 6.4.Average air temperature gradient for Harvard deciduous broadleaf 
forest site and Mead-Irrigated crop site used in the regression analysis for 5 
years (2001-2005) 
 
 
6.3.7.2 Inverted ecosystem respiration (Reco) 
 
The fitted intercept (i.e. the ‘whole ecosystem respiration’, Reco) for the two sites is 
shown in Figure 6.5. The ecosystem respiration tracked the seasonal growth patterns 
for the two sites. The lowest respiration in both sites was experienced during winter 
months while the highest respiration was during the summer months. The Mead-
irrigated cropland site had higher respiration rates compared to the Harvard deciduous 
broadleaf forest site. The difference between the two sites could be explained by the 
differences in the plant functional types at the two sites. The maize C
4 crop at Mead 
irrigated site has higher respiration rates due to their high productivity rates and 
requirement for more photons to regenerate phosphoenolpyruvate from pyruvate in 
the operation of the C
4 cycle (Farquhar and von Caemmerer, 1982; Ehleringer et al., 
1997).  
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Figure 6.5.Fitted intercept (‘whole ecosystem respiration’, Reco) for Harvard 
deciduous broadleaf forest site and Mead-Irrigated crop site (black dots= mean 
respiration; grey shades = standard error) 
 
The rates of respiration for biomes located in temperate climatic regions are generally 
dependent on temperature (Atkin et al., 2000; Hanan et al., 2002; Atkin and Tjoelker, 
2003). Evaluation of this influence (Figure 6.6) shows the increment in respiration with 
rising average air temperatures.  In both sites, respiration rates were shown to increase 
with increasing average temperature. However, there were differences in the pattern of 
evolution of rates of respiration with temperature in the two sites. In the Harvard 
Forest site the increment of respiration with temperature was steady from about -5°C 
to 20°C while in the Mead cropland site the increment was minimal between -5°C to 
10°C after which the respiration rates steeply increased with rising average air 
temperature. The steady rise in respiration rates in the Forest site represents a steady 
rise in green leaf area and root activity (Atkin et al., 2000; Hanan et al., 2002; Atkin 
and Tjoelker, 2003), while the steeper rise in the Mead irrigated site represent the fact 
that planting does not take place till the temperatures are  >10°C and then once the 
maize crop has germinated (around the end of May), the leaves undergoes a rapid 
increase in leaf area and hence the steeper respiration curve.  Booker Ouma Ogutu    Estimation of FAPAR
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Figure 6.6.Relationship between predicted respiration and average temperature 
for the measurements used in the regression for Harvard deciduous broadleaf 
forest site and Mead-irrigated crop site (2001-2005) 
 
6.3.7.3. Validation of the inversion process using in-situ respiration data 
 
Due to lack of in-situ data for PAR absorbed by chlorophyll, to validate the performance 
of the inversion process, the respiration data predicted through the inversion process 
was compared with in situ respiration measurements at the two study sites (Figure 
6.7).  
 
The inversion process performed well in the two sites (R
2 = 0.83, RMSE = 1.23 for 
Harvard forest site and R
2 = 0.95, RMSE = 1.02 for the Mead-irrigated site). The 
inverted respiration values were slightly higher than the in-situ measurements, 
suggesting a slight over-prediction of respiration for the two sites by the inversion 
process. Overall, the strong coefficient of correlation between the results make this 
process valid and hence the  inversion process could be considered effective for use in 
the derivation of photosynthetic active radiation absorbed by chlorophyll as described 
in Equation 6.13.  
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Figure 6.7.Predicted respiration against in-situ respiration for Harvard 
deciduous broadleaf forest site and Mead-Irrigated crop site (2001-2005) 
 
6.3.7.4. Photosynthetic active radiation (PAR) absorbed by chlorophyll 
(Fchl) 
 
The estimated photosynthetic active radiation (PAR) absorbed by chlorophyll (Fchl) 
derived through the inversion of net ecosystem exchange data for Harvard Forest and 
Mead-irrigated site are shown in Figure 6.8. 
 
Figure 6.8.Estimated fractional absorption by chlorophyll (Fchl) estimated by 
inversion of canopy CO2 light response (2001-2005) 
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The PAR absorbed by chlorophyll in the two sites increased in spring, peaked in 
summer, reduced in autumn and was at a minimum during winter. The changes in Fchl 
tracked the seasonal growth patterns of the two study sites with minimal inter-annual 
variations across the 5 years. However, in the Harvard forest site, the year 2003 had a 
slightly higher maximum Fchl compared to the rest of the years. This was also seen in 
the respiration curves (Figure 6.5) indicating that 2003 had a higher productivity than 
the rest of the years. The temperatures across the years for the site appear to be 
similar (Figure 6.4), but the rainfall data (Table 6.2) show that 2003 had the highest 
precipitation which could have resulted in high productivity and hence the high Fchl. In 
the Mead site the variation in rainfall did not result in variation in productivity and Fchl. 
This site is irrigated and hence precipitation does not have major influence on 
productivity.  
 
Between the sites, the Harvard forest site had slightly lower Fchl values when compared 
with the Mead Irrigated crop site. An explanation for this is the physiological 
differences between the plant types found in the two sites. Maize grown in the Mead-
irrigated site is a C
4 plant and also has leaves with larger surface area which would 
result in more photon capture and productivity compared with C
3 deciduous broadleaf 
trees in Harvard site. However, the Fchl curves were narrower in the Mead irrigated site 
indicating that it captured the relatively shorter growing season (Verma et al., 2005) in 
relation to the Harvard site (Waring et al., 1995). 
 
Overall, the maximum Fchl values for the two sites were slightly higher than those 
reported by Hanan et al., (2002) but were within the standard error bounds of their 
study. The higher Fchl values in the present study were expected as the sites we 
evaluated were more productive and had had higher leaf area index (LAI) and 
chlorophyll content compared to the grassland and wheat evaluated by Hanan et al., 
(2002). A study by Zhang et al., (2005) on fraction of PAR absorbed by chlorophyll in 
Harvard forest site using data from a coupled leaf and canopy radiative transfer model 
(PROSAIL-2) and MODIS surface reflectance data reported maximum Fchl values 
ranging from 0.6 to 0.8 which are within the range of results from the present study. 
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Table 6.2: Total annual precipitation for Harvard forest site and Mead irrigated 
site (mm) 
Site  2001  2002  2003  2004  2005 
Harvard  607.304  812.788  879.776  809.756  851.855 
Mead  755.9  1001  1312.8  1175.4  1484.2 
 
 
6.3.7.5. Comparison of Fchl with two operational vegetation indices  
 
Figure 6.9 displays the relationship between Fchl and two vegetation indices (i.e. MTCI 
and EVI) at two flux tower sites. The MTCI data was rescaled from its original values to 
a scale of 0-1 using linear rescaling approach so as to match it with the Fchl values.  
Both the vegetation indices were positively correlated (R
2 > 0.8) with the Fchl. At the 
Harvard forest site, the EVI tended to overestimate Fchl values and saturated at Fchl 
above 0.6, whereas the MTCI although closer to the 1:1 line, was slightly lower than 
the Fchl throughout its range. In fact the MTCI had a stronger correlation and better 
agreement (R
2 = 0.87; RMSE = 0.15) with Fchl than EVI (R
2 = 0.83; RMSE = 0.22).  
 
At the Mead irrigated crop site, the two vegetation indices were positively correlated 
(R
2 > 0.8) with the Fchl. However, there were differences between the pattern of the 
relationship between the two vegetation indices and the Fchl at this site. The EVI over-
estimated the lower Fchl values and under-estimated the higher Fchl values at this site 
resulting in slightly lower agreement (RMSE= 0.21). The EVI also saturated for Fchl 
values greater than 0.5. The MTCI on the other hand predicted values closer to the Fchl 
across all the Fchl ranges apart from the times when Fchl = 0, which could be due to 
soil background effects in MTCI derivation). There was no noticeable saturation of 
MTCI at high Fchl values and the slope of the MTCI was closer to the 1:1 line resulting 
in better agreement (RMSE = 0.16) with Fchl than the EVI.  
 
The differences between the MTCI and EVI at the two flux tower sites could be due to 
the response of two vegetation indices to high canopy chlorophyll levels. The EVI is a 
broad-band vegetation index which uses both the red and near-infrared bands and has 
been shown to track green biomass well (Huete et al., 2002; Peng et al., 2011). 
However, at high chlorophyll levels, the saturation in the red band and the increasing Booker Ouma Ogutu    Estimation of FAPAR
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values of reflectance in the near-infrared band (Gitelson, 2004) would propagate into 
the EVI index and lead to its saturation. Peng et al., (2011) showed that EVI did not 
have a linear relationship with total canopy chlorophyll content, saturating at higher 
chlorophyll content levels. The MTCI on the other hand is a narrow band vegetation 
index which exploits the red edge band known to be highly sensitive to changes in 
canopy chlorophyll (Dash and Curran, 2004). The MTCI has been shown to be sensitive 
to chlorophyll content of canopies and does not saturate with increasing chlorophyll 
levels (Dash and Curran, 2007; Peng et al., 2011). Overall, the two vegetation indices 
had good high positive correlation with Fchl implying that they are good candidates for 
representing Fchl in ecosystem productivity modelling, though MTCI would be 
preferable due to its closer relationship with the Fchl than the EVI. 
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Figure 6.9.Comparison between Fchl and two operational vegetation indices 
(i.e. MTCI and EVI) for Harvard deciduous broadleaf forest site and Mead 
irrigated cropland site (Mean of 2001-2005 data; Red line represents linear 
regression line). The vegetation indices data are means of 3 x 3 km area 
centred on the flux tower sites.  
 
6.3.7.6. Comparison of Fchl with two operational FAPAR products 
 
The means of a 3 by 3 km area centred at the flux tower sites for two FAPAR products 
(i.e. MODIS and CYCLOPES FAPAR) were compared with the Fchl calculated for the 
Harvard forest and Mead irrigated cropland flux tower sites. The results of the 
comparison revealed marked differences between the sites (Figure 6.10). At the 
Harvard forest site, the CYCLOPES FAPAR was closely related to the Fchl (R
2 = 0.74; 
RMSE = 0.31) than the MODIS FAPAR (R
2 = 0.57; RMSE = 0.39). The relationship 
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between both the FAPAR products with the Fchl was non-linear, rising initially and the 
saturating at higher Fchl ranges. Furthermore, both products overestimated the Fchl at 
the two sites (values above the 1:1 line; Figure 6.10). The suggested explanation for 
the overestimation lies in the definition and calculation procedures for the two FAPAR 
products.  
 
The MODIS FAPAR products estimates instantaneous FAPAR at the time of satellite 
overpass (Knyazikhin et al., 1998), but does not account for PAR absorbed by non-
photosynthetic elements of the canopy (Weiss et al., 2007). The CYCLOPES FAPAR on 
the other hand estimates FAPAR that corresponds to a black-sky (no diffuse 
illumination) at 10:00 local solar time absorption of 400-700nm radiation by green 
vegetation components (Bacour et al., 2006; Baret et al., 2007; Weiss et al., 2007). 
CYCLOPES algorithm exploits reflectance data recorded by SPOT-VEGETATION sensor 
directly and does not have interface with other products such as land cover maps. 
MODIS algorithm on the other hand exploits reflectance from the MODIS sensor but 
also has interface with other products such as land cover map. The fact that the 
CYCLOPES algorithm is optimized for green vegetation and does not interface with 
other products which could introduce errors theoretically would make it better at 
predicting in-situ FAPAR than the MODIS FAPAR product. Weiss et al (2007) showed 
that CYCLOPES FAPAR was closer to in-situ FAPAR than MODIS FAPAR. Therefore, in the 
present study, it was expected that the CYCLOPES FAPAR would be closer to the Fchl 
than the MODIS FAPAR as shown in Figure 6.10. However, both products do not correct 
for PAR absorbed by all the non-photosynthetic components of the canopy and hence 
would overestimate FAPAR in canopies with a large proportion of non-photosynthetic 
elements (e.g. branches, and stems) such as the Harvard forest site as was observed in 
the present study. 
 
At the Mead irrigated crop site, the relationship between the two FAPAR products and 
the Fchl was better than observed at the Harvard forest site (Figure 6.10). The 
CYCLOPES FAPAR showed better agreement (R
2=0.89; RMSE = 0.13) with Fchl at this 
site than the MODIS FAPAR (R
2=0.81; RMSE = 0.22). The relationship between the two 
FAPAR products and Fchl in the Mead-irrigated site was more linear than was observed 
at the Harvard forest site. The two FAPAR products over-estimated the lower Fchl 
values but there was less saturation than observed in the Harvard forest site. The 
suggested reason for the difference in performance of the two products at the two 
sites is the variation in the plant functional types found at these sites. Maize crop is 
calculated at the Mead site and since maize has lower non-photosynthetic elements in 
its canopy (e.g. no woody and stem components), the estimation of FAPAR by the two 
algorithms is likely to be influenced mainly by the photosynthetic elements of the Booker Ouma Ogutu    Estimation of FAPAR
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canopy resulting in FAPAR closer to the Fchl. Even though the two FAPAR products 
were closer to Fchl in the Mead site, they still overestimated Fchl especially in the lower 
ranges. The overestimation can be explained by the use of the whole leaf’s reflectance 
in the derivation of the two FAPAR products, which would amount to inclusion of non-
photosynthetic components of the leaf (e.g. cell wall, veins, and brown pigments) in 
the calculation of FAPAR. Nevertheless, the findings of the present study indicate that 
the FAPAR products are more accurate in predicting PAR absorbed by chlorophyll in 
canopies with low non-photosynthetic elements such as crops than in canopies with 
high non-photosynthetic elements such as mature forests.  
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Figure 6.10.Comparison between Fchl and two operational FAPAR products (i.e. 
CYCLOPE and MODIS FAPAR) for Harvard deciduous broadleaf forest site and 
Mead-Irrigated cropland site (Mean of data from 2001-2005; Red line 
represents regression line of best fit). The FAPAR data are means of 3 x3 km 
area centred on the flux tower sites 
 
 
 
 
0 0.2 0.4 0.6 0.8 1
0
0.2
0.4
0.6
0.8
1
Fchl
C
Y
C
L
O
P
E
S
 
F
A
P
A
R
Harvard
 
 
R
2 = 0.74
RMSE = 0.31
0 0.2 0.4 0.6 0.8 1
0
0.2
0.4
0.6
0.8
1
Fchl
M
O
D
I
S
 
F
A
P
A
R
Harvard
 
 
R
2 = 0.57
RMSE = 0.39 
0 0.2 0.4 0.6 0.8 1
0
0.2
0.4
0.6
0.8
1
Fchl
C
Y
C
L
O
P
E
S
 
F
A
P
A
R
Mead
 
 
R
2 = 0.89
RMSE = 0.13
0 0.2 0.4 0.6 0.8 1
0
0.2
0.4
0.6
0.8
1
Fchl
M
O
D
I
S
 
F
A
P
A
R
Mead
 
 
R
2 = 0.81
RMSE = 0.22Booker Ouma Ogutu    Estimation of FAPAR
chlorophyll 
  165   
 
6.4. Conclusion 
 
The estimation of FAPAR absorbed by photosynthetic elements of the canopy (i.e. 
chlorophyll) is fundamental, as only this FAPAR is utilized in photosynthesis. In the first 
part of this chapter various components of FAPAR (i.e. FAPAR
canopy, FAPAR
leaf and 
FAPAR
chlorophyll) were derived using data from PROSAIL-2 radiative transfer model and 
then related to various vegetation indices. FAPAR
canopy was found to have the highest 
values followed by FAPAR
leaf and finally FAPAR
chlorophyll .Comparison of these FAPAR 
components with vegetation indices indicated that the red-edge based vegetation 
indices were more linearly related to FAPAR
chlorophyll than the broad-band indices.  
In the second part of this chapter, PAR absorbed by chlorophyll (Fchl) was calculated 
through an inversion procedure of in-situ net ecosystem exchange (NEE) data from two 
flux tower sites. The Fchl was then related to two operational vegetation indices (i.e. 
MTCI and EVI) and FAPAR products (i.e. CYCLOPES and MODIS). The results varied 
between the evaluated sites. At the Harvard deciduous broadleaf forest site the two 
vegetation indices had a positive correlation with the Fchl, though EVI tended to 
overestimate and underestimate low and high Fchl values respectively. The MTCI on 
the other hand had a closer 1:1 relationship with the Fchl at this site. At the Mead 
irrigated crop site, EVI showed saturation at high Fchl which was not observed in MTCI. 
The better relationship between MTCI and Fchl confirm the earlier findings from model 
data that the red edge indices are more linearly related to PAR absorbed by chlorophyll 
than broad band indices (i.e. EVI). 
 
Comparison of two operational FAPAR products (i.e. CYCLOPES and MODIS) with Fchl 
indicated that they both overestimated Fchl at the Harvard deciduous broadleaf forest 
site, though CYCLOPES FAPAR performed slightly better than the MODIS FAPAR at this 
site. At the Mead irrigated crop site, the two FAPAR products had a better correlation 
with the Fchl than observed at the Harvard forest site. This difference was attributed to 
the lower amounts of non-photosynthetic components in the canopy of maize 
cultivated at the Mead site compared to the deciduous broadleaf trees at the Harvard 
site.  This finding suggests that the FAPAR products are more accurate in predicting 
PAR absorbed by chlorophyll in canopies with low non-photosynthetic elements such as 
crops than in canopies with high non-photosynthetic elements such as mature forests. 
Overall, the two FAPAR products overestimated the Fchl implying that using these 
products in ecosystem modelling would lead to over-estimation of gross primary 
productivity as was reported in chapter five. In summary, the better relationship 
between the chlorophyll-related vegetation indices (e.g. the MTCI) with PAR absorbed Booker Ouma Ogutu    Estimation of FAPAR
chlorophyll 
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by chlorophyll makes them good candidates for representing PAR absorbed by 
chlorophyll in ecosystem productivity models.  
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Chapter 7:  A new algorithm for estimating 
terrestrial ecosystem gross primary 
productivity (GPP) using the photosynthetic 
quantum yield and remote sensing data  
 
7.1. Introduction 
 
Within the past two decades, a number of terrestrial biosphere models (TBMs) have 
been developed to reproduce and predict carbon stocks and fluxes across continental 
and global scales (e.g. Potter et al., 1993; Ruimy et al., 1994; Hexaltine et al., 1996; 
Running et al., 2000; Cramer et al., 2001; McGuire et al., 2001; Veroustraete et al., 
2002). In principle, these models can be categorised into two groups: (1) diagnostic or 
data driven, and (2) prognostic or process oriented models (Cramer et al., 2001; Jung 
et al., 2008). Prognostic models simulate the carbon cycle based on mechanistic and 
semi-empirical process formulations and require detailed datasets on biophysical and 
meteorological conditions as input (e.g. Porter et al., 1993; Running and Hunt, 1993: 
Hexaltine et al., 1996; Sitch et al., 2003). Diagnostic models (e.g. Ruimy et al., 1994; 
Running et al., 2000; Veroustraete et al., 2002) are often simpler and are usually 
driven largely by remote sensing data making them favoured over the prognostic 
models when modelling carbon flux at continental to global scales.  
 
The majority of diagnostic or remote sensing data driven models are based on the light 
use efficiency (LUE) concept devised by Monteith (1972) and Kumar and Monteith 
(1981). The concept suggests that GPP is linearly related to the amount of absorbed 
photosynthetically active radiation (APAR) and the efficiency of crop production that 
can be compressed into a single parameter (ɛ), which describes the efficiency by which 
absorbed radiation is converted into dry matter. This method has proved attractive to 
implement at continental to global scales due to the possibility of deriving its input 
variables from satellite data (e.g. Potter et al., 1993; Veroustraete et al., 2002; Running 
et al., 2004). However, the estimation of the LUE term (ɛ) is often difficult as it varies 
across biomes, species and plant functional types (Gower et al., 1999) and temporally 
across seasons and in response to variations in environmental conditions (Sims et al., 
2006). Furthermore, due to the coarse nature of meteorological datasets (e.g. 1° by 1° 
spatial resolution) used as scalars to adjust the LUE term to account for environmental Booker Ouma Ogutu    Development of a new PEM model 
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stress on primary productivity and the uncertainties in land cover classification maps, 
substantial errors can be propagated into the LUE based models (Heinsch et al., 2006; 
Zhao et al., 2006; Jung et al., 2007). Moreover, it has also been argued that one of the 
key input variable in the LUE based models (that is, the fraction of absorbed 
photosynthetic active radiation-FAPAR), has thus far been derived for the whole canopy 
while it is apparent that not all the PAR absorbed by the canopy is utilized in 
photosynthesis (Asner et al., 1998; Zhang et al., 2005; 2009). 
 
To try to mitigate some of these shortcomings, it has been proposed that carbon flux 
estimates be derived using simpler and more direct approaches which rely entirely on 
remote sensing data (e.g. vegetation indices) (Sims et al., 2006; Jung et al., 2008). 
Even though this approach would have the benefit of a continuous output at the spatial 
resolution of the sensor, the use of vegetation indices alone may not be able to track 
daily fluctuations in carbon exchange due to rapid changes in environmental variables 
such as PAR, temperature and soil moisture (Harris and Dash, 2011). Furthermore, 
these types of models may not be able to track productivity effectively in evergreen 
forests where use of vegetation indices alone may not adequately capture fluctuations 
in productivity.  
 
In this chapter, a new model (referred to as MTCIGPP model) that uses a remotely 
sensed vegetation index (i.e. the MERIS Terrestrial Chlorophyll Index-MTCI) and 
exploits the intrinsic differences in the quantum yields of carbon uptake between the 
two main photosynthetic pathways of plants (i.e. C
3 and C
4) is presented. The MTCI was 
shown in chapter six to be more linearly related to PAR absorbed by canopy 
chlorophyll content and was thus assumed to be more representative of the actual PAR 
utilized in photosynthesis. The C
3 and C
4 plants have a fundamental physiological 
difference in their intrinsic quantum yields (i.e. the leaf-level ratio of photosynthetic 
carbon gain to photons absorbed) (Ehleringer and Bjorkman, 1977; Collartz et al., 
1991, 1992). To achieve general applicability of the MTCIGPP model, the specific 
intrinsic quantum yields for the C
3 and C
4 plants was used in its design which meant 
that plants only needed to be classified into two classes. After developing the model, 
its GPP output was evaluated against in-situ eddy covariance flux tower GPP 
measurements and the GPP from the operational MOD17 GPP product (Running et al., 
2000) at fifteen flux tower sites across USA and Europe representing different biomes.  
Finally, the influence of the climatic and vegetation biophysical input variables on the 
performance of the MTCIGPP model was evaluated.  
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7.2. The MTCIGPP model theory 
 
Gross primary productivity is the main driver of carbon flux and is responsible for 
seasonal changes in atmospheric CO
2 concentrations. At local scales atmospheric CO
2 
monitoring, biomass inventories, and eddy covariance measurements provide indirect 
measurements of net CO
2 flux from ecosystems (Keeling et al., 1996; Clark et al., 
2001; Baldocchi et al., 2001). However, due to logistical considerations these methods 
are inadequate when estimating carbon exchange at continental to global scales. 
Satellite remote sensing on the other hand offers the potential for synoptic monitoring 
of biosphere functioning with global coverage, near-continuous data acquisition and 
consistent instrumentation. This has led to a number of models being developed that 
utilize the available satellite data to estimate terrestrial ecosystem carbon exchange. 
Most of these models utilize the light use efficiency (LUE) concept devised by Monteith 
(1972, 1977), which suggests that GPP is linearly related to the amount of absorbed 
photosynthetically active radiation and the efficiency by which absorbed radiation is 
converted into dry matter. 
 
In the proposed model (i.e. the MTCIGPP model), remote sensing data (i.e. the MTCI) 
and intrinsic photosynthetic quantum yields for C
3 and C
4 plants is exploited. Plants 
can be categorised photosynthetically mainly as either C
3 or C
4 (Ehleringer et al., 1997; 
Lambers et al., 2006). The photosynthesis process involves two groups of reactions 
which under light, occur simultaneously in chloroplasts within leaves. The first group 
are the light harvesting reactions which transform light energy into temporary form of 
chemical energy. During these reactions, chlorophyll captures energy from visible light 
which is then converted to chemical energy (i.e. Nicotinamide Adenine Dinucleotide 
Phosphate- NADPH and Adenosine-triphosphate-ATP) and oxygen is produced as a 
waste (Lambers et al., 2006). The second group are the carbon-fixing reactions which 
use the products of the light-harvesting reactions to convert CO
2 into sugars (Lambers 
et al., 2006). In the C
3 photosynthetic pathway, the reaction of a five-carbon sugar 
(ribulose-bisphosphate; RuBP) with CO
2 forms initial three-carbon sugars. The initial 
attachment of CO
2 to a carbon skeleton is catalysed by the enzyme ribulose-
bisphosphate carboxylase-oxygenase (Rubisco). The rate of this reaction is generally 
limited by the products of light reaction and the concentration of CO
2 in the 
chloroplast.  
 
In C
4 photosynthetic pathway, one more set of carbon-fixation reaction is added, 
usually to increase the plants photosynthetic water use efficiency especially in dry Booker Ouma Ogutu    Development of a new PEM model 
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environments. In the C
4 pathway, phosphoenolpyruvate (PEP) is first carboxylated by 
PEP carboxylase in the mesophyll to produce four-carbon organic acids. These organic 
acids are then transported to specialised bundle sheath cells, where they are 
decarboxylated and the released CO
2 from the organic acids then enters the normal C
3 
photosynthetic pathway to produce sugars (Lamber et al., 2006).  
 
The two photosynthetic pathways (i.e. C
3 and C
4) have been reported to have distinct 
intrinsic quantum yields (i.e. the leaf level ratio of photosynthetic carbon gain to 
photons absorbed) (Ehleringer and Bjorkman, 1977; Ehleringer et al., 1997; Collatz et 
al., 1991, 1992). The quantum yields have been shown to play an influential role in 
determining primary productivity at canopy level conditions (Ehleringer and Bjorkman, 
1977; Ehleringer et al., 1997). At leaf level, photosynthetic saturation is expected from 
high temperatures or high solar radiation conditions. However, at canopy level, 
differences in the orientation of individual leaves allow greater light penetration into 
the canopy which results into very few leaves being at light saturation (Ehleringer et 
al., 1997). As a consequence there is often a linear relationship between incident 
photon flux and canopy photosynthetic rate (Ruimy et al., 1994).  
 
Canopy quantum yield is usually assumed to be equal to that of individual leaves and 
is determined differently for C
3 and C
4 plants due to their respective sensitivities to CO
2 
concentration within a leaf and leaf temperature (Ehleringer and Bjorkman, 1977, 
Collatz et al., 1998; Hanan et al., 2002). On a theoretical basis, the quantum yield is 
expected to be lower in C
4 than C
3 plants, mainly because of the additional energy 
requirements to regenerate phosphoenolpyruvate from pyruvate in the operation of the 
C
4 cycle (Fraquhar and von Caemmerer, 1982). However, under an atmospheric 
environment of ~350ppmv CO
2 and 21% O
2, the quantum yield in C
3 plants is reduced 
from maximum values because of photorespiration (Ehleringer et al., 1997). And since 
photorespiration is a temperature dependent process, the quantum yield of C
3 plants 
declines with increasing temperatures. Furthermore the quantum yield of C
3 plants is 
affected by leaf CO
2 concentrations. A similar effect by temperature and leaf CO
2 
concentrations on C
4 plants has not been observed since the C
4 pathway does not 
experience Rubisco oxidation (Ehleringer et al., 1997; Hanan et al., 2002; Lamber et 
al., 2006).  
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7.2. The MTCIGPP model equations 
 
7.2.1. The MTCIGPP model equation 
 
The basic equation that describes the proposed MTCIGPP model is based on 
assumption that photosynthesis (or GPP) varies with light availability such that 
maximum photosynthetic capacity can be expressed as a product of quantum yield (α,  
µmol µmol 
-1) and time averaged absorbed photosynthetic active radiation (PAR) ( µmol 
m
-2s
-1):  
 
        =      ∗   …………………………………..         7.1  
 
The equation can be made operational using incident PAR data, the fraction of PAR 
absorbed by the canopy chlorophyll (Fchl), and a photosynthetic pathway (i.e. C
3 or C
4) 
specific intrinsic quantum yield term (α) as follows: 
 
        =     ∗   ℎ  ∗  ………………………………..         7.2 
 
Canopy quantum yield (α) is usually assumed to be equal to that of individual leaves 
and is determined differently for C
3 and C
4 plants. The optimal quantum yield of C
3 
photosynthetic pathway has been shown to be influenced by leaf temperature and leaf 
CO
2 concentration. Similar effects have not been observed in C
4 photosynthetic 
pathway. Therefore, to quantify for the effects of leaf temperature and leaf CO
2 
concentration on quantum yields of C
3 plants, further terms can be added as follows 
(Hanan et al., 2002): 
 
        =     ∗   ℎ  ∗            +  1 −        ………         7.3 
 
Where α
3 and α
4 (µmol µmol 
-1) are the intrinsic quantum yields of photosynthesis in C
3 
and C
4 plants, respectively and PC
3 is the fraction of contribution of C
3 plants to light 
interception and Ψe (unitless) is a term that describes the influence of temperature and 
leaf CO
2 concentration on the maximum quantum yield of C
3 plants. As stated 
previously Ψe adjustment is not required for C
4 plants as Rubisco oxidation in this 
photosynthesis pathway is minimal (Hanan et al., 2002). The respective C
3 and C
4 
intrinsic quantum yields and the derivation of the Ψe term are described below. 
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7.2.2. Canopy Quantum Yields 
 
Previous studies have reported quantum yield ranges for C
3 to be between 0.05 µmol 
µmol 
-1 and 0.08 µmol µmol 
-1 while for C
4 this value is between 0.05 µmol µmol 
-1 and 
0.06 µmol µmol 
-1 (e.g. Ehleringer and Bjorkman, 1977, Collatz et al., 1998) . In the 
proposed MTCIGPP model, the maximum quantum yields were set at 0.07 µmol µmol 
-1 
and 0.055 µmol µmol 
-1 for C
3 and C
4 plants respectively.  
 
7.2.3. Effects of temperature and leaf CO
2 concentration (the Ψe 
term) in C
3 plants photosynthesis  
 
The parameterization of the Ψe term in Equation 7.3 describes the influence of leaf 
temperature (T1, C) and leaf chloroplast CO
2 partial pressure (C
i) on actual quantum 
yield in C
3 plants. In the MTCIGPP model, the Ψe term was parameterised following 
calculations described in Hanan et al., (2002). The derivation involves using the 
equation for light response of C
3 photosynthesis at low PAR flux density (Collatz et al., 
1991; Hanan et al., 1998): 
 
    =
   −  
   − 2 
……………………………………………..         7.4  
 
Where Pi is the CO
2 partial pressure (Pi = leaf CO
2 concentration multiplied by 
atmospheric pressure in Pascal (Pa)), and   is the CO
2 compensation point, which 
depends on leaf temperature (T
1) and oxygen concentration (O
2).  
The response of Ψe to temperature and CO
2 across the range of likely temperatures 
and for CO
2 concentrations ranging from near ambient (350 mol mol
-1) to below 
ambient (100 mol mol
-1) were calculated by Hanan et al., (2002). These were then fitted 
to polynomial relationships describing the temperature response of Ψe for a range of 
leaf CO
2 concentrations (Table 7.1)  
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Table 7.1: Polynomial curves describing the variation in Ψe with leaf 
temperature under a range of leaf CO
2 concentrations, with the equation being 
expressed as Ψe = aT
1 +bT
2
1 +c (Source: Hanan et al., 2002)  
Leaf CO
2 concentration 
(mol mol
-1) 
a  b  c  r
2 
350  -0.0029243  -0.0001996  0.9162037  0.9999 
300  -0.0037619  -0.0002058  0.9045575  1.0000 
275  -0.0043049  -0.0002077  0.8973228  1.0000 
250  -0.0049604  -0.0002084  0.8887966  1.0000 
200  -0.0067484  -0.0002031  0.8660705  0.9999 
150  -0.0095527  -0.0001801  0.8299726  0.9998 
100  -0.0141816  -0.0001157  0.7625499  0.9995 
 
 
In the MTCIGPP model, the equation for the 275 mol mol
-1 of leaf CO
2 concentration 
was used to describe the influence of temperature and leaf CO
2 concentration on the 
quantum yield of C
3 plants. Hanan et al., (2002) showed that at this leaf CO
2 
concentration, there was less likelihood of saturation in the leaves due to over-drawing 
down of CO
2 from the atmosphere. They also showed that by using this value, the 
actual leaf CO
2 concentration had an acceptable uncertainty of about 17.5% or ~50 mol 
mol 
-1. Therefore, term Ψe was expressed in the MTCIGPP model as follows: 
 
    = −0.0043049T − 0.0002077T  + 0.8973228…………….Equation 7.5   
 
Mean daily air temperature was used to parameterise the values of (T) in the equation. 
It was assumed that the optimal leaf temperature equals mean daytime air 
temperature. This assumption is supported optimality theory which states that plants 
generally adapt and acclimatize to their local environment to the extent that their 
physiological potential varies in parallel with availability of resources (e.g. light, air 
temperature) (Field and Mooney 1986).  
 
7.2.4. The fraction of PAR absorbed by canopy chlorophyll (Fchl) 
 
To parameterise Equation 7.2, the fraction of photosynthetic active radiation absorbed 
by canopy chlorophyll (Fchl) is required. The existing operational FAPAR products have 
been shown not to distinguish between FAPAR absorbed by non-photosynthetic and Booker Ouma Ogutu    Development of a new PEM model 
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photosynthetic elements of the canopy, whereas it is apparent that only PAR absorbed 
by photosynthetic elements, especially chlorophyll, is used in photosynthesis (Asner et 
al., 1998; Hanan et al., 2002; Zhang et al., 2005, 2009). The use of such FAPAR 
products would result in overestimation of the actual FAPAR used in photosynthesis 
(see chapter six) and subsequently primary productivity estimates (see chapter five).  
 
In chapter six, a new hypothesis was tested whereby FAPAR absorbed by various 
components of the canopy (i.e. the whole canopy, the leaf, and canopy chlorophyll) was 
related to various vegetation indices. It was observed that the red edge based 
vegetation indices (e.g. the MTCI and CI
red edge) were more linearly related to the FAPAR 
absorbed by canopy chlorophyll, than the broad band vegetation indices (e.g. NDVI and 
EVI). Therefore, in an attempt to represent only fraction of PAR absorbed by 
photosynthetic elements of the canopy (i.e. chlorophyll) in the MTCIGPP model, the 
MERIS Terrestrial Chlorophyll Index (Dash and Curran, 2004) was used. The MTCI was 
used in the MTCIGPP model in two set-ups: (1) as a direct representative of the fraction 
of PAR absorbed by chlorophyll in the canopy (i.e. assuming 1:1 relationship) and (2) 
using an empirical equation relating the MTCI to Fchl which was developed using data 
from two flux tower sites in USA (i.e. the Harvard forest and Mead irrigated crop site) 
(See chapter six for details).  The empirical equation derived from these datasets and 
used in the second modelling set-up is shown in Figure 7.1.   
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Figure 7.1.Empirical relationship between MTCI and Fchl derived using data 
from two flux tower sites (i.e. Harvard and Mead Irrigated Sites, Data from 
chapter six figure 6.9; N/B: The MTCI values where the Fchl value is less than 
0.1 was excluded from the regression fit as MTCI values below this point were 
contaminated by background noise and hence unrealistic).  
 
Therefore, to transform the MTCI datasets into Fchl in the second modelling set-up, the 
following equation was used: 
 
  ℎ  = 0.75     + 0.0691…………………         7.6 
 
It is worth noting that the empirical relationship was developed using data from only 
two sites representing two plant functional types (that is, a deciduous broadleaf forest 
and a maize crop). Therefore, modelling results from using this relationship may only 
be representative of ecosystems which are dominated by these two plant functional 
types. 
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7.3. Datasets 
 
7.3.1 Flux Tower Datasets 
 
The flux tower datasets used to validate the model was acquired from the AmeriFlux 
website (http://public.ornl.gov/ameriflux) and CarboEurope website 
(http://www.carboeurope.org/). The datasets covered various vegetation types across 
conterminous USA and Europe (Table 7.2). The major terrestrial biomes represented by 
these sites include: deciduous broadleaf forest (DBF), mixed forest (MF), evergreen 
needleleaf forest (ENF), grassland and cropland. Level 4 GPP data filled using the 
marginal distribution sampling (MDS) method (Reichstein et al., 2005) for each of the 
EC flux tower sites (Table 7.2) was used to validate the GPP output from the proposed 
MTCIGPP model.  
 
Table 7.2: Characteristics of the eddy covariance flux tower sites used in 
MTCIGPP model validation 
Site  Latitude  Longitude   Vegetation type  Climate type  Region 
Bondville  40.0062  -88.2904  Crop(Soybean/corn)  Temperate  USA 
Mead Irrigated  41.1651  -96.4766  Crop(Corn)  Temperate  USA 
Niwot Ridge  40.0329  -105.5464  ENF  Temperate  USA 
Donaldson  29.7548  -82.1633  ENF  Mediterranean  USA 
UMBS  45.5598  -84.7138  DBF  Temperate  USA 
Walnut River  37.5208  -96.855  Grassland   Temperate   USA 
Sylvania 
Wilderness  46.242  -89.3477  Mixed Forest  Temperate  USA 
Brasschaat  51.3092  4.5206  Mixed Forest  Temperate  Europe 
Davos  46.8153  9.8559  ENF  Temperate  Europe 
Gebesee  51.1001  10.9143  Crop (rotation)  Temperate  Europe 
Hainich  51.0793  10.4520  DBF  Temperate  Europe 
Vall d' Alinyà 
(Lleida)  42.1522  1.4485  Grassland  Mediterranean  Europe 
Hesse  48.6742  7.0656  DBF  Temperate  Europe 
Laqueuille 
intensive  45.6431  2.7358  Grassland  Temperate  Europe 
Wetzstein  50.4535  11.4575  ENF  Temperate  Europe 
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7.3.2. The MERIS Terrestrial Chlorophyll Index (MTCI) 
 
In chapter six it was shown that MTCI was more linearly related to the fraction of 
photosynthetic active radiation absorbed by photosynthetic components of the canopy 
(Fchl). Therefore, the MTCI was used as a surrogate for the fraction of absorbed 
photosynthetic active radiation by photosynthetic elements of the canopy in the 
MTCIGPP model. The MTCI is derived from reflectance data from the standard band 
setting of the Medium Resolution Imaging Spectrometer (MERIS) sensor and is 
produced operationally at 1 km spatial resolution and 8-day temporal resolution. The 
MTCI used in the modelling exercise was acquired from the NERC Earth Observation 
Data Centre (http://www.neodc.rl.ac.uk).The MTCI data was processed by Astrium GEO 
(http://www.astrium-geo.com/uk/) and the MERIS data used to generate the MTCI were 
provided by the European Space Agency (ESA).  
 
7.3.3. Climatic and land cover datasets 
 
The description of the solar radiation and temperature data used in running the 
MTCIGPP over USA is provided in chapter four of this thesis. The 2005 North America 
Land Cover dataset was used to assign the photosynthetic pathway to the plant 
functional types. Before allocating the land cover classes to photosynthetic pathways 
(i.e. into either C
3 or C
4), the land cover map was aggregated into seven major classes 
(i.e. evergreen needleleaf forests, deciduous broadleaf forests, croplands, grassland, 
shrub/scrub, and built-up) (Figure 7.2). 
 
The solar radiation data for the European modelling scenario was acquired from the 
European Centre for Medium-Range Weather Forecasts (ECMWF) (http://data-
portal.ecmwf.int/). The daily solar radiation (PAR) data was at 0.75° spatial resolution 
and represents a reanalysis climate data. The temperature data over Europe was 
acquired from the European Climate Assessment and Dataset project 
(http://eca.knmi.nl/). The temperature data was at 0.25° spatial resolution. The two 
climatology datasets were resampled to 1km spatial resolution to match the MTCI 
datasets prior to the modelling exercise.  The GLC2000 land cover map (Bartholomé 
and Belward, 2005) was used to classify the vegetation types over Europe for the 
modelling exercise. The GLC2000 land cover map was acquired from the European 
Commission Joint Research Centre website (http://bioval.jrc.ec.europa.eu/ 
products/glc2000/glc2000.php). The GLC2000 land cover map was aggregated to six 
classes: deciduous broadleaf forest (DBF), evergreen needleleaf forest (ENF), mixed Booker Ouma Ogutu    Development of a new PEM model 
  178   
forest, crop/grassland mosaic, shrub/moor/herb, and built-up (Figure 7.3) and the 
reclassified into either C
3 or C
4.  
 
A suitable existing land cover map that classified vegetation types into C
3 and C
4 
categories was not available. The International Satellite Land-Surface Climatology 
Project, Initiative II (ISLSCP II) data (http://www.gewex.org/islscpdata.htm) gives global 
percentages of C
3 and C
4 vegetation. However, this datasets resolution is too coarse 
(i.e. 1° by 1°) and hence was deemed not suitable for the modelling exercise. Instead a 
look-up table was developed which reclassified the vegetation classes from the North 
America Land Cover dataset for America and the GLC2000 land cover map over Europe 
into C
3 and C
4 classes. Table 7.3 shows the manner in which the biomes were assigned 
to the two photosynthetic pathways. In the USA modelling scenario, all the croplands 
were assigned to the C
4 photosynthetic pathway. This was done because most of the 
USA crop belt is under maize cultivation which is a C
4 plant. The grasslands in USA 
were also assigned to the C
4 photosynthetic pathway. This was done because majority 
of the grasslands in the southern Great Plains of USA have been reported to be 
composed of C
4 grasses (e.g. Tieszen et al., 1997; Ricotta et al., 2003; Foody and 
Dash, 2010). In the European modelling scenario, all the croplands and grasslands 
were assigned the C
3 photosynthetic pathway. This was done because most of the 
croplands in Europe are under C
3 plants (e.g. barley, oats, olives, rape, wheat, 
potatoes). The grasslands are also predominantly C
3 apart from the grasses in the 
mediterranean zones. It is obvious that this categorization will lead to misclassification 
of crops and grasses which are not C
3 into C
4 pathway. However, for purposes of 
generalization and due to unavailability of an appropriate C
3 and C
4 land cover map, 
this was deemed appropriate. 
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Table 7.3: Reclassification of land cover types into various photosynthetic 
pathways 
Land cover type   Assigned photosynthetic pathway 
Evergreen needleleaf forests-ENF  C
3 
Deciduous broadleaf forests-DBF  C
3 
Grassland  C
4  – USA;  C
3 - Europe 
Cropland  C
4 - USA;  C
3 - Europe 
Shrub/scrub/moor  C
3 
Mixed Forest  C
3 
Built-up  None 
 
 
Figure 7.2.Resampled land cover map of conterminous USA used in the 
modelling exercise (Resampled from the 2005 North America Land Cover) 
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Figure 7.3.Resampled land cover map over Europe used in the modelling 
exercise (Resampled from the GLC2000 land cover map) 
 
7.3.4 The MOD17 GPP Datasets 
 
The MOD17 GPP data was used to evaluate how the proposed MTCIGPP model 
performed when compared with an established and operational GPP product. The 
MOD17 GPP product is a light-use-efficiency (LUE) type model derived using data from 
the Moderate Resolution Imaging Spectroradiometer (MODIS) sensor and 
meteorological data from the Global Modelling and Assimilation Office (GMAO) climate 
model run at 1° latitude and 1.25° longitude spatial resolution (Turner et al., 2003). 
The MOD17 GPP product is produced at 1 km spatial resolution and 8-days temporal 
resolution. Detailed description of the MOD17 algorithm is provided in the literature 
review chapter. The MOD17 GPP product used in the present study was acquired from 
the MODIS products website (https:// lpdaac.usgs.gov/lpdaac/ products).  
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7.4. Data Analysis 
 
The MTCIGPP model was run for three years (2003-2005) across conterminous USA and 
Europe. Regression statistics were generated to enable comparison between gross 
primary productivity (GPP) output from the MTCIGPP model and in-situ GPP measured 
at eddy covariance flux tower sites across USA and Europe. Furthermore, the output 
from the MTCIGPP model was compared with the GPP output from the operational 
MOD17 GPP product. The agreement of the seasonality of GPP predicted by the models 
and the in-situ GPP measurements was tested using the Pearson’s correlation 
coefficient(r) (Dunn and Clark, 1987). Root Mean Square Error (RMSE) and coefficient of 
determination (R
2) was calculated to analyse the difference between the absolute GPP 
values predicted by the models and in-situ GPP measurements. T-test was used to 
determine if the means from the models GPP predictions were significantly different 
with the mean from in-situ flux tower GPP measurements. Spatial pattern of GPP 
predicted by the MTCIGPP model was compared with that from the MOD17GPP product 
across USA and Europe.   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 Booker Ouma Ogutu    Development of a new PEM model 
  182   
 
7.5. Results and Discussion 
 
7.5.1. Interannual and seasonal dynamics of gross primary 
productivity (GPP) predicted by the MTCIGPP model 
 
The results from direct relationship MTCIGPP modelling set-up (i.e. one to one 
relationship between Fchl and MTCI) will be referred to as MTCIGPP-Dir and those from 
the empirical relationship (Equation 7.6) will be referred to as MTCIGPP-Eq .The 
seasonal and inter-annual dynamics of GPP predicted by the MTCIGPP model, in-situ 
flux tower eddy covariance GPP measurements and the GPP from the MOD17GPP 
product across USA are presented in Figure 7.4 and for sites across Europe are 
presented in Figure 7.5. The Pearson’s correlation coefficient’s from comparing the 
seasonality of the models GPP output with the in-situ GPP measurements are given in 
Table 7.4.  Minimal difference was observed between the interannual and seasonal 
dynamics of GPP output from the MTCIGPP-Dir model and those from the MTCIGPP-Eq 
model. Therefore in subsequent discussions, no comparison will be made between the 
outputs from these two modelling set-ups. Their results will only be discussed against 
those from in-situ flux tower measurements and the MOD17GPP product. 
 
 
In majority of the validation sites across USA (Figure 7.4), both the MTCIGPP-Dir and 
MTCIGPP-Eq models represented the seasonal and interannual pattern of in-situ GPP 
relatively well (r > 0.7; Table 7.4). Furthermore, the models predicted seasonal and 
interannual variation of GPP which were similar to those from the operational MOD17 
GPP product for most of the biomes evaluated. In some of the biomes (e.g. croplands), 
the MTCIGPP models performed better than the MOD17 GPP product especially in 
predicting summer season GPP (Figure 7.4). There were notable site specific 
differences in the performance of the MTCIGPP models when compared with in-situ GPP 
measurements and MOD17 GPP product.  
 
In cropland biomes (i.e. Bondville; Figure 7.4 (a) and Mead Figure 7.4 (b)), the MTCIGPP 
models predicted GPP values which closely tracked the seasonal and inter-annual 
variation of in-situ GPP measurements better than the MOD17GPP product. The 
MOD17GPP product underestimated the summer productivity of croplands by ~15gCm
-
2day
-1. The main reason for this underestimation of in–situ GPP by the MOD17 product 
in croplands was highlighted in chapter four (that is, its allocation of a low light use Booker Ouma Ogutu    Development of a new PEM model 
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efficiency (LUE) term for croplands in its LUE look-up table). There were notable 
differences between the inter-annual GPP predicted by the MTCIGPP models at the 
Bondville cropland site (Figure 7.4 (a)) across the years evaluated.  Whereas in the year 
2003 the MTCIGPP models predicted GPP values closer to the summer in-situ GPP 
measurements at the Bondville site, they overestimated the summer GPP at this site in 
the years 2004 and 2005. This interannual disparity is attributed to the structural 
formulation of the MTCIGPP models. During the formulation of the MTCIGPP model 
over USA, all crops were assigned to the C
4 photosynthetic pathway. However, at the 
Bondville site, crop rotation is carried out between maize a C
4 plant, and soybean a C
3 
plant. The differences in crop types resulted in the overestimation of in-situ GPP during 
the years when soybean was cultivated (i.e. 2004 and 2005) at this site.  
 
At the temperate grassland site (i.e. Walnut River site; Figure 7.4 (f)), the GPP 
predictions by the MTCIGPP models were closer to the in-situ GPP measurements in the 
summer months than the MOD17 GPP product.  The underestimation by the MOD17 
GPP product in this biome is due to the low LUE term it prescribes for this biome (see 
chapter 4). The best agreement between the seasonal and interannual GPP predicted by 
the MTCIGPP models, MOD17GPP product and in-situ GPP measurements was observed 
at the deciduous broadleaf forest and mixed forest sites (UMBS; Figure 7.4(d) and 
Sylvania Wilderness; Figure 7.4(e) respectively). Analysis of the MOD17GPP product 
model in chapter four revealed that it prescribes a light use efficiency (LUE) term for 
these biomes which are closer to the LUE term from field measurements for these 
biomes (Ruimy et al., 1994), thus making it more accurate in predicting the 
productivity of these biomes.  
 
The seasonal and interannual predictions of the MTCIGPP models at European sites 
(Figure 7.5) mirror those observed in USA sites. The MTCIGPP models predicted the 
pattern of in-situ seasonal and interannual variations of GPP relatively well(r > 0.7; 
Table 7.4) in most of the evaluated biomes. However, there were site specific 
differences between the MTCIGPP model output and in-situ GPP measurements. For 
example, at the mediterranean grassland site (Vall d' Alinyà; Figure 7.5 (f)) the 
MTCIGPP models predicted an early onset of growing season and higher productivity 
than the in-situ measurements. A suggested reason for this overestimation of GPP at 
this site could be the inadequacy of the MTCIGPP model to capture productivity in rain-
driven ecosystems. This site is located in a mediterranean climate where the influence 
of rainfall on ecosystem productivity probably outweighs the influence of temperature 
and PAR. Since in the formulation of the proposed MTCIGPP model, precipitation or soil 
moisture is not accounted for, the model will predict high productivity provided 
temperature and PAR conditions are favourable. A similar shortcoming was observed Booker Ouma Ogutu    Development of a new PEM model 
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when the performance of the C-Fix model (Veroustraete et al., 2002) which does not 
account for precipitation or soil moisture was analysed over a similar site (i.e. the 
Tonzi flux tower site) in USA (Chapter 4). The same overestimation of GPP over this site 
was not observed in the GPP data from the MOD17GPP product. The MOD17GPP 
product indirectly accounts for moisture conditions in an area through the inclusion of 
the vapour pressure deficit term in its formulation (Running et al., 2000; Running et 
al., 2004) which would reduce productivity in mediterranean biomes in times of low 
precipitation even if temperature and PAR are optimal. 
 
In the rest of the biomes over Europe (i.e., evergreen needleleaf forests, deciduous 
broadleaf forests, and mixed forests sites; Figure 7.5 (a), Figure 7.5(b) and Figure 7.5 
(d) respectively), the MTCIGPP model predicted GPP which was closer to in-situ GPP 
measurements and GPP values from the MOD17GPP product.  Finally, in the cropland 
and temperate grassland biomes over Europe (Figure 7.5 (c) and Figure 7.5 (e) 
respectively), the MTCIGPP model estimated GPP values closer to the in-situ GPP 
measurements than the MOD17GPP product.  
 
Overall, at most of the validation sites (both in USA and Europe) the MTCIGPP models 
performed well in predicting the seasonal and interannual pattern of in-situ GPP. 
Furthermore the MTCIGPP models compared well with the MOD17 GPP product and in 
some biomes (e.g. croplands and temperate grasslands) it performed better than 
MOD17 GPP product. It can therefore be concluded that the MTCIGPP model is a good 
tool for estimating seasonal and interannual variability of GPP at large scales. 
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Figure 7.4.Seasonal dynamics of gross primary productivity from MTCIGPP 
model, MOD17 model and eddy covariance flux tower measurements for 
various biomes across USA (a = Bondville cropland site; b= Mead irrigated 
cropland site; c=Niwot Ridge evergreen needleleaf forest site; d= UMBS 
deciduous broadleaf forest site; e= Sylvania Wilderness mixed forest Site; 
f=Walnut River grassland site) 
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Figure 7.5.Seasonal dynamics of gross primary productivity from MTCIGPP 
model, MOD17 model and eddy covariance flux tower measurements for 
various biomes across Europe (a = Davos evergreen needleleaf forest site; b = 
Hainich deciduous broadleaf forest site; c = Gebesee cropland site; d = 
Brasschaat mixed forest site; e = Laqueuille intensive temperate grassland site; 
f= Vall d' Alinyà (Lleida) mediterranean grassland) 
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Table 7.4: Pearson’s correlation (r) and t-test significance values between flux 
tower GPP and GPP predicted by the three models 
Flux Tower Site  Flux GPP  Vs. 
MTCIGPP-Dir 
Flux GPP Vs.  
MTCIGPP-Eq 
Flux GPP Vs.  
MOD17GPP 
Bondville  0.99;  p<0.05  0.88,  p<0.05  0.86;  p<0.05 
Mead Irrigated  0.96;  p>0.05  0.95;  p>0.05  0.91;  p<0.05 
Niwot Ridge  0.79;   p<0.05  0.83;  p>0.05  0.81;  p<0.05 
UMBS  0.96;  p<0.05  0.95;  p<0.05  0.94;  p<0.05 
Walnut River  0.93;  p>0.05  0.91;  p<0.05  0.95;  p<0.05 
Sylvania Wilderness  0.88; p>0.05  0.89;  p>0.05  0.94;  p<0.05 
Brasschaat  0.96; p<0.05  0.96;  p<0.05  0.91;  p<0.05 
Davos  0.93; p>0.05  0.94;  p<0.05  0.89;  p<0.05 
Gebesee  0.81; p>0.05  0.79;  p>0.05  0.81;  p<0.05 
Hainich  0.95; p>0.05  0.95;  p>0.05  0.91;  p<0.05 
Vall d' Alinyà (Lleida)  0.69; p<0.05  0.70;  p<0.05  0.73;  p<0.05 
Hesse  0.90; p>0.05  0.90;  p>0.05  0.88; p<0.05 
Laqueuille intensive  0.91; p<0.05  0.91;  p<0.05  0.87; p<0.05 
Wetzstein  0.90; p<0.05  0.89;  p<0.05  0.92;  p<0.05 
 
 
7.5.2. Evaluation of GPP values predicted by the MTCIGPP models  
 
The GPP values predicted by MTCIGPP models across five major biomes (i.e. deciduous 
broadleaf forests, evergreen needleleaf forests, croplands, mixed forests, and 
grasslands) were evaluated against in-situ GPP measurements and compared with the 
MOD17 GPP product.  At deciduous broadleaf forest sites (Figure 7.6), the MTCIGPP 
models predicted GPP values that had a strong positive correlation (R
2 > 0.78) with the 
in-situ GPP measurements. Furthermore, the MTCIGPP models predicted GPP values 
which resulted in low RMSE values and a slope closer to 1 implying high precision and 
less bias in the models (Figure 7.6). Even though the coefficient of correlation between Booker Ouma Ogutu    Development of a new PEM model 
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MOD17 GPP product and in-situ measurements was high in this biome (R
2 > 0.75), its 
RMSE values were slightly higher than those from the MTCIGPP models suggesting that 
it was slightly less precise in predicting the in-situ GPP values compared to MTCIGPP 
model (Figure 7.6). The reason for this seems to be the saturation which appears to be 
occurring in the MOD17 GPP product during times of high productivity (Figure 7.6). 
Moreover, in some of the sites (e.g. the Hesse site, Figure 7.6 (c)), the MOD17 GPP 
underestimated the in-situ GPP measurements (slope <0.5). 
 
Apart from the Donaldson mediterranean site(Figure 7.7(a)), analysis of the 
performance of the MTCIGPP models against in-situ GPP measurements in the 
evergreen needleleaf forest sites revealed good agreement (R
2 > 0.6) in all the 
evaluated sites (Figure 7.7). The RMSE values were also low indicating good precision 
of the MTCIGPP models in predicting the in-situ GPP of this biome. The MTCIGPP 
models were less bias (slope > 0.6) in predicting GPP of sites under temperate climatic 
conditions (Niwot Ridge; Figure 7.7 (b), Davos; Figure 7.7 (c) and Wetzstein; Figure 7.7 
(d)) when compared to the mediterranean site (slope< 0.5) (Donaldson; Figure 7.7 (a)). 
It is has been shown that production efficiency models, by nature of their design, tend 
to perform better in predicting productivity of temperature-driven ecosystems such as 
temperate biomes compared to rain-driven ecosystems such as mediterranean biomes 
(Cramer et al., 1999, 2001). Since the MTCIGPP model has no input that accounts for 
soil moisture or precipitation, its prediction of GPP in regions where productivity is rain 
dependent seems less reliable. Comparison of the performance of the MTCIGPP models 
and the MOD17GPP product in predicting absolute in-situ GPP values for this biome 
indicates that the two models produced similar results (relatively similar RMSE, slope 
and R
2 values (Figure 7.7). 
 
At the evaluated cropland biomes (Figure 7.8), there were marked differences in the 
performance of the MOD17 GPP product and the MTCIGPP models in predicting in-situ 
GPP measurements. Evaluation of the absolute values predicted by the two models 
reveal that the MOD17GPP product hugely underestimated the in-situ GPP 
measurements at this biome (slope <0.3; high RMSE values) (Figure 7.8). In contrast, 
MTCIGPP models predicted GPP values which were closer to the in-situ GPP values (low 
RMSE values and slope > 0.6). Even though cropland in the USA were generalised and 
assigned a C
4 photosynthetic pathway and cropland in Europe assigned C
3 pathway, the 
performance of the MTCIGPP model in this biome was better than the MOD17GPP 
product in both set-ups. The MOD17 GPP algorithm was found to assign a low value for 
light use efficiency term (LUE) for croplands thereby resulting in underestimation of 
GPP at this biome (chapter 4). 
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Results from the evaluation of the performance of the MTCIGPP models and MOD17GPP 
product in predicting gross primary productivity in mixed forest biomes are presented 
in Figure 7.9. The GPP predictions from both models had high coefficient of 
determination (R
2 > 0.75) with the in-situ GPP measurements. In terms of absolute 
values, the RMSE values between the MTCIGPP models predictions and the in-situ GPP 
measurements were low implying good precision of the models in predicting GPP at 
this biome (Figure 7.9). Furthermore, the slope of the relationship between the GPP 
values predicted by the MTCIGPP models and in-situ GPP measurements were close to 1 
indicating less bias in the model. The GPP predicted by the MOD17 GPP product 
produced similar statistics when compared with in-situ GPP measurements (i.e. low 
RMSE values, and slope > 0.8). Therefore it can be concluded that both the MTCIGPP 
models and the MOD17 GPP product were relatively reliable at predicting gross primary 
productivity at the evaluated mixed forest biomes. 
 
Finally, the evaluation of the performance of the MTCIGPP models across grassland 
sites revealed mixed results (Figure 7.10). The MTCIGPP model performed better (R
2 > 
0.7) in predicting GPP of temperate grassland sites (i.e.  Walnut River; Figure 7.10 (a) 
and Laqueuille Intensive; 7.10 (b)) compared to the mediterranean grassland site (i.e. 
Vall d’ Alinya’; Figure 7.10 (c); R
2<0.5). In the mediterranean site, the GPP predicted by 
the MTCIGPP model was shown to be out-of-phase with the seasonal and interannual 
pattern of in-situ GPP measurements, thereby resulting in the low coefficient of 
determination (R
2< 0.5) between the model’s predictions and in-situ GPP measurements 
(Figure 7.5). Furthermore, the MTCIGPP models predictions are higher (above the 1:1 
line; Figure 7.10(c)) than the in-situ GPP measurements resulting in high RMSE values. 
This overestimation is attributed to the inadequacy in the nature of the design of the 
MTCIGPP model (i.e. lack of accounting for influence of precipitation or soil moisture 
on productivity) as explained in previous sections. The MOD17 GPP product predicted 
low GPP values for the temperate grassland sites (especially during peak productivity) 
(Walnut River; Figure 7.10 (a) and Laqueuille Intensive; Figure 7.10 (b)). The 
underestimation of GPP in temperate grasslands by MOD17 GPP product was attributed 
to its allocation of lower than field estimated light use efficiency (LUE) term to 
grasslands in its LUE look-up table (Chapter 4).  
 
Overall, the MTCIGPP models predicted absolute gross primary productivity values 
which were comparable to GPP measured at eddy covariance flux tower sites across 
USA and Europe. Furthermore, it compared well with the operational MOD17GPP 
product and even performing better than MOD17GPP product in some biomes (e.g. 
croplands and temperate grasslands). This indicates that the MTCIGPP model can be Booker Ouma Ogutu    Development of a new PEM model 
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used as tool to reliably predict the absolute values of gross primary productivity across 
various biomes at continental to global scales.  
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Figure 7.6.The relationship between gross primary productivity (GPP) measured 
at flux tower sites (Flux Tower GPP) and GPP derived using models (i.e. MOD17 
GPP, MTCIGPP-Eq. and MTCIGPP-Dir.) for each of the sites with predominantly 
deciduous broadleaf forest vegetation. Data are means for the 3 x 3 km area 
centred on the tower.  
 
 
0 10 20
0
5
10
15
20
25
M
o
d
e
l
 
G
P
P
(
g
C
m
-
2
d
a
y
-
1
)
0 10 20
Flux Tower GPP (gCm-2day-1)
0 10 20
0 10 20
0
5
10
15
20
25
M
o
d
e
l
 
G
P
P
(
g
C
m
-
2
d
a
y
-
1
)
0 10 20
Flux Tower GPP (gCm-2day-1)
0 5 10 15 20 25
0 10 20
0
5
10
15
20
25
M
o
d
e
l
 
G
P
P
(
g
C
m
-
2
d
a
y
-
1
)
0 10 20
Flux Tower GPP (gCm-2day-1)
0 5 10 15 20 25
MOD17 GPP MTCIGPP-Eq MTCIGPP-Dir
MTCIGPP-Dir MTCIGPP-Eq MOD17 GPP
MTCIGPP-Dir MTCIGPP-Eq MOD17 GPP
Deciduous Broadleaf Forests
(a) UMBS
(b) Hainich
(c) Hesse
R
2 = 0.78
RMSE = 3.63
Slope = 0.31
R
2 = 0.82
RMSE = 2.51
Slope = 0.55
R
2 = 0.91
RMSE = 1.31
Slope = 0.89
R
2 = 0.89
RMSE = 1.76
Slope = 0.71
R
2 = 0.91
RMSE = 1.43
Slope = 0.83
R
2 = 0.92
RMSE = 1.26
Slope = 0.96
R
2 = 0.91
RMSE = 1.40
Slope = 1.02
R
2 = 0.80
RMSE = 1.95
Slope = 0.69
R
2 = 0.81
RMSE = 2.08
Slope = 0.91Booker Ouma Ogutu    Development of a new PEM model 
  192   
 
 
Figure 7.7.The relationship between gross primary productivity (GPP) measured 
at flux tower sites (Flux Tower GPP) and GPP derived using models (i.e. MOD17 
GPP, MTCIGPP-Eq. and MTCIGPP-Dir.) for each of the sites with predominantly 
evergreen needleleaf forest vegetation. Data are means for the 3 x 3 km area 
centred on the tower.  
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Figure 7.8.The relationship between gross primary productivity (GPP) measured 
at flux tower sites (Flux Tower GPP) and GPP derived using models (i.e. MOD17 
GPP, MTCIGPP-Eq. and MTCIGPP-Dir.) for each of the sites with predominantly 
crops (maize and soya). Data are means for the 3 x 3 km area centred on the 
tower.  
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Figure 7.9.The relationship between gross primary productivity (GPP) measured 
at flux tower sites (Flux Tower GPP) and GPP derived using models (i.e. MOD17 
GPP, MTCIGPP-Eq. and MTCIGPP-Dir.) for each of the sites with predominantly 
mixed forest vegetation (i.e. evergreen needleleaf and deciduous broadleaf 
forest ).Data are means for the 3 x 3 km area centred on the tower.  
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Figure 7.10.The relationship between gross primary productivity (GPP) 
measured at flux tower sites (Flux Tower GPP) and GPP derived using models 
(i.e. MOD17 GPP, MTCIGPP-Eq. and MTCIGPP-Dir.) for each of the sites with 
predominantly grassland vegetation. Data are means for the 3 x 3 km area 
centred on the tower.  
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7.5.3. The influence of climatic and biophysical input variables on 
the MTCIGPP model output 
 
In this section, an evaluation of the influence of the input variables on the GPP 
predictions by the MTCIGPP-Dir model is presented. Table 7.5 shows the relationship 
between the MTCIGPP model output and the input variables (i.e. photosynthetic active 
radiation-PAR, the MTCI, and air temperature) across various biomes in USA and 
Europe.  
 
The MERIS Terrestrial Chlorophyll Index (MTCI) was used as a surrogate for PAR 
absorbed by photosynthetic elements of the canopy (i.e. chlorophyll) in the MTCIGPP 
model. Apart from one site, that is, the Donaldson needleleaf forest site, the MTCI was 
positively correlated (R
2 > 0.65) with the GPP output from the MTCIGPP model in the 
rest of the evaluated sites (Table 7.5). The high positive correlation between the 
MTCIGPP model output and the MTCI was expected as this is the single parameter that 
tracks the changes in vegetation physiological conditions and hence productivity 
throughout the growing season in the MTCIGPP model. However, at the Donaldson 
mediterranean site, there seems to low correlation (R
2 = 0.41) between the MTCI and 
GPP predicted by the MTCIGPP model. A possible explanation for this low correlation is 
that since this is an evergreen site, there is minimal fluctuation in chlorophyll content 
in the canopy. Therefore, the productivity predicted by the MTCIGPP model is not 
highly influenced by changes in canopy chlorophyll by other factors such as PAR (R
2 = 
0.61; Table 7.5) and possibly precipitation (not investigated here, but can be inferred 
in discussions in chapter 4) as this flux tower falls in a rain driven productivity 
ecosystem. 
 
Apart from the Gebesse cropland site, the available photosynthetic active radiation 
(PAR) had a high positive (R
2 >0.5) influence on the GPP predicted by the MTCI model in 
most of the evaluated sites. This was expected as majority of these sites are located in 
temperate regions where availability of PAR plays a crucial role in determining 
ecosystem productivity patterns. Similar observation was made for the influence of 
temperature on the GPP predicted by the model. Apart from the mediterranean site (i.e. 
Donaldson site), the air temperature had a high positive influence (R
2 > 0.5) on the GPP 
predicted by the MTCIGPP model. This was also expected as most of these sites are 
located in the temperate regions where temperature is critical in determining plant 
productivity. The identical influence of the two environmental variables (PAR and Booker Ouma Ogutu    Development of a new PEM model 
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temperature) in the MTCIGPP model’s output reflects the fact that plants generally 
adapt and acclimate to their local environment to the extent that their physiological 
potential (in this case their productivity) varies in parallel with the availability of 
resources (e.g. light, and temperature), a theory often referred to as optimality theory 
(Field and Mooney, 1986).  
Table 7.5: Regression statistics (R
2) for linear relationship between GPP 
predicted by the MTCIGPP-Dir model and climatic and vegetation biophysical 
input variables at selected Flux tower sites 
Biome Type  Site/Region  MTCI  PAR  Air 
Temperature 
Evergreen needleleaf 
forest -ENF 
  
Donaldson-USA  0.41  0.61  0.47 
Davos-Europe  0.76  0.69  0.74 
          
Deciduous broadleaf 
forest-DBF 
  
Hainich-Europe  0.87  0.68  0.76 
UMBS-USA  0.86  0.53  0.56 
          
Crop 
  
Gebesee-Europe  0.78  0.47  0.66 
Mead-USA  0.86  0.65  ** 
          
Mixed Forest 
  
Sylvania-USA  0.69  0.51  0.51 
Brasschaat-Europe  0.76  0.84  0.75 
          
Grassland 
  
Walnut-USA  0.79  0.78  ** 
Laqueuille-Intensive-
Europe 
0.71  0.82  0.64 
** No relationship was derived since air temperature was not used to drive the 
MTCIGPP model in the C
4 pathway biomes.  
 
 
7.5.4. Spatial variability of the GPP values predicted by the MTCIGPP 
model across conterminous USA and Europe 
 
The spatial variability of the gross primary productivity predicted by the MTCIGPP 
model across conterminous USA and Europe are presented below. Only the output 
from the MTCIGPP-Dir model is presented as there was minimal difference between the 
GPP predictions from the MTCIGPP-Dir and MTCIGPP-Eq models. The spatial variability Booker Ouma Ogutu    Development of a new PEM model 
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from the MTCIGPP-Dir model is then compared to the spatial variability of GPP derived 
from the MOD17GPP product.  
 
7.5.4.1. Spatial distribution of GPP over conterminous USA  
 
Figure 7.11 and 7.12 shows the spatial distribution of mean annual (2003-2005) GPP 
predicted by the MTCIGPP model and MOD17 GPP product respectively.  
 
Figure 7.11.The spatial distribution of mean annual GPP (gCm-2 yr-1) (2003-
2005) as predicted by MTCIGPP model over conterminous USA  
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Figure 7.12.The Spatial distribution of mean annual GPP (gCm-2 yr-1) (2003-
2005) as predicted by MOD17 GPP product over conterminous USA 
 
The spatial distribution of GPP predicted by the MTCIGPP model and MOD17 GPP 
product were similar in some regions but different in others. Both models predicted 
high GPP values (~1500-3400 gCm
-2 yr
-1) in the Eastern parts of USA and the coastal 
Northwest Pacific region. Both models predicted intermediate GPP (~1000 – 1500 gCm
-2 
yr
-1) in the central belt of USA. Finally, they both predicted the majority of the south-
western parts of USA as having the lowest productivity (~ <1000 gCm
-2 yr
-1). This 
general spatial gradient of mean annual GPP over USA predicted by the MTCIGPP model 
is in agreement with those that have been reported in previous studies (e.g. Running et 
al., 2004; Xiao et al., 2011; Beer et al., 2010; Wang et al., 2011). However, there were 
some notable differences in the spatial pattern of GPP predicted by the MTCIGPP model 
when compared to the MOD17 GPP product (Figure 7.11 and 7.12).  
 
The most notable difference between the spatial pattern of GPP predicted by the 
MTCIGPP model and the MOD17 GPP product was in the agricultural/cropland zones 
within USA (See Figure 7.2 for land cover classification). While MOD17 GPP product 
does not show this zone as having high mean annual productivity, the MTCIGPP 
models predicts this zones as having high mean annual productivity. In earlier parts of 
this chapter, it was shown that the MOD17 GPP product markedly underestimated GPP 
of croplands (i.e. due to the low light use efficiency term it allocates to croplands; 
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Chapter 4). It therefore follows that regions dominated by croplands are bound to have 
their GPP underestimated by the MOD17 GPP product as shown in Figure 7.12. The 
MTCIGPP model on the other hand prescribed a C
4 photosynthetic pathway for the 
croplands which would result in high productivity at optimal environmental conditions. 
Even though it is recognised that not all crops follow the C
4 photosynthetic pathway, 
for generalisation purposes, assigning the croplands to C
4 resulted in GPP predictions 
which were comparable to those of measured at flux tower sites.  
 
It may be argued that croplands are active only for few months (i.e. depending on a 
particular crops growing season length) and hence when the annual mean GPP for 
these areas is derived, they will have low overall GPP when compared to other biomes 
such as forests with longer active growing season length. However, an evaluation of 
the mean annual GPP from various flux tower sites representing various biomes across 
USA (Figure 7.13) show that this may not be the case. The mean annual GPP values 
from flux tower sites under croplands had equal if not more mean annual GPP values 
when compared to the forest biomes (Figure 7.13). Therefore, it can be concluded that 
the MOD17 GPP product is under-representing GPP values from croplands sites both in 
terms of daily productivity and mean annual productivity. Chen et al., (2011) reported 
that the LUE term for crops is being under-represented in most PEM models leading to 
underestimation of croplands importance in global carbon budget.  
 
Another region where there was marked difference between the spatial representation 
of GPP predicted by the MTCIGPP model and the MOD17 GPP product is the area 
dominated by grasses (i.e. in the lower central belt of USA). The MTCIGPP model 
predicts slightly higher productivity for this region when compared to the MOD17GPP 
product. This belt is dominated by C
4 grasses (e.g. Tieszen et al., 1997; Ricotta et al., 
2003; Foody and Dash, 2010) which are adapted to dry conditions and have relatively 
high productivity. The MTCIGPP model which prescribes grasses a C
4 photosynthetic 
pathway captures this high productivity which is missed by the MOD17GPP product. 
Furthermore, it was shown that MOD17 allocates a low light use efficiency term for 
grasses (Chapter 4) leading to it predicting low productivity for this biome as shown by 
the spatial distribution map (Figure 7.12) 
 
Overall, in terms of biome specific performance, the MTCIGPP model predicted high 
GPP values for regions dominated by crops and forests, intermediate GPP values for 
grassland sites, and low GPP for regions dominated by shrublands, whereas MOD17 
GPP product predicted high GPP for regions dominated by forests, intermediate GPP 
values for croplands, and low GPP values for grasslands and shrublands. Booker Ouma Ogutu    Development of a new PEM model 
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Figure 7.13.Comparison of mean annual (2003-2005) GPP (gCm-2 yr-1) 
measurements from various flux tower sites across USA 
 
7.5.4.2. Spatial distribution of GPP over Europe  
 
Figure 7.14 and Figure 7.15 represents the mean annual (2003-2005) spatial 
distribution of GPP over Europe as predicted by the MTCIGPP model and the MOD17 
GPP product respectively. Both the MTCIGPP model and the MOD17 GPP product 
predicted the lowest gross primary productivity (~ <500 gCm
-2 yr
-1) in the boreal 
regions in Northern Sweden, Norway and Finland. Similar findings have been reported 
in previous studies of GPP distribution over Europe (e.g. Jung et al., 2008). However, 
there were marked differences in the spatial pattern of GPP predicted by the MTCIGPP 
model and the MOD17GPP product in several regions of Europe.   
 
While the MOD17 GPP product concentrated its high GPP predictions (~>1500 gCm
-2 yr
-
1) to sites covered only by forests (i.e. both evergreen needleleaf and deciduous 
broadleaf forests), the MTCIGPP model predicted high GPP (~ >1500 gCm
-2 yr
-1) for sites 
under cultivation/croplands especially in Western Europe (e.g. Germany, France and 
eastern parts of UK) (See Europe land cover map; Figure 7.3) and forested regions. The 
prediction of high GPP values in areas dominated by croplands by the MTCIGPP model 
when compared to MOD17 GPP product was expected as it had already been shown in 
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section 7.5.1 and 7.5.2, that the MTCIGPP model performed better at predicting GPP 
for croplands (i.e. predicted GPP closer to in-situ measurements) when compared to 
MOD17 GPP product which largely underestimated productivity in this biome. On top 
of predicting high GPP for regions covered by crops in central strip of Europe, the 
MTCIGPP models also predicted high GPP values for forested regions within the 40°N-
55°N latitude. MOD17 GPP product on the other hand predicted high GPP values for 
most forested sites including boreal forest sites in southern Sweden and Finland which 
was not observed in the GPP predictions from the MTCIGPP model (Figure 7.14, and 
Figure 7.15). MOD17GPP product uses MODIS LAI/FAPAR as input variables to quantify 
the amount of PAR absorbed by vegetation. It has been shown that MODIS LAI/FAPAR 
overestimates LAI/FAPAR in ecosystems such as boreal forests (McCallum et al., 2010). 
The overestimation of FAPAR/LAI could be the main cause of the MOD17GPP product 
predicting high GPP for the boreal forests in southern Sweden and Finland. Jung et al., 
(2007) observed similar overestimation of GPP of the boreal forests in this region of 
Europe by three terrestrial biosphere models (i.e. LPJ, Orchidee, and Biome BGC) which 
they attributed to high simulated LAI and thus light absorption by the three models.   
 
Another region of disparity between the spatial pattern of GPP predicted by the 
MTCIGPP model and MOD17 GPP product is the Iberian Peninsula especially within 
Spain. While MOD17 GPP product predicted low GPP for this region (i.e. ~ <500 gCm
-2 
yr
-1), MTCIGPP model predicted intermediate GPP values (i.e. ~500-1000 gCm
-2 yr
-1). One 
explanation for this disparity is that this region is mediterranean site dominated by 
rain-driven productivity. As previously stated, the MTCIGPP model may be less reliable 
in predicting GPP for rain-driven biomes as high temperature and PAR values would 
lead to prediction of high productivity which would be unrealistic if precipitation is 
scarce. MOD17GPP product on the other hand has the vapour pressure deficit term 
which accounts for the influence of moisture on productivity in this type of climatic 
zone. Furthermore, in the land cover map, this region is classified as being dominated 
by cropland and hence the MTCIGPP predicted high GPP for this biome. The MTCIGPP 
model also predicted high GPP values (~1000 gCm
-2 yr
-1) in southern tip of Spain which 
was missed by the MOD17GPP product. As this is region consists of a mosaic of forests 
(e.g. the Sierra Nevada) it can be hypothesised that the MTCIGPP predictions are more 
accurate at this site than the MOD17 GPP product, though this assertion needs further 
investigation. 
 
Overall, the spatial representation of GPP predicted by the MTCIGPP model over Europe 
is similar to those that were arrived at by Jung et al., (2008) using an FAPAR-based 
productivity assessment model (FPA), and an FAPAR-based productivity assessment 
model in conjunction with land cover map (FPA+LC) which they showed to accurately Booker Ouma Ogutu    Development of a new PEM model 
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capture the  spatial pattern of GPP across Europe. Therefore, the predictions by the 
MTCIGPP model of the spatial pattern of GPP over Europe can be concluded to fall 
within previously reported ranges making it an ideal tool for predicting GPP over 
Europe’s ecosystems. 
 
 
 
Figure 7.14.The spatial distribution of mean annual GPP (gCm-2 yr-1) (2003-
2005) predicted by MTCIGPP model over Europe 
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Figure 7.15.The Spatial distribution of mean annual GPP (gCm-2 yr-1) (2003-
2005) predicted by MOD17 GPP product over Europe 
 
 
7.5.5. Limitations of the MTCIGPP model and the modelling exercise 
 
A number of limitations that would impact on the interpretation of the GPP output from 
the MTCIGPP model were identified. The first limitation was the unavailability of a land 
cover map that classifies vegetation into C
3 and C
4 at a high spatial resolution. The 
International Satellite Land-Surface Climatology Project, Initiative II (ISLSCP II) data 
which gives global percentages of C
3 and C
4 vegetation is at a very coarse spatial scale 
(1° by 1°) and hence could not be used in the execution of the MTCIGPP model. As 
such, the existing land cover maps were arbitrarily reclassified into either C
3 or C
4.  For 
forest biomes this was not a problem. However, in biomes such as croplands and 
grasslands, the decision to reclassify into either C
3 or C
4 requires the knowledge of the 
particular crop being cultivated or the type of grasses growing in an area which was 
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not available. Therefore, in the USA modelling set-up, all the croplands were classified 
as having a C
4 photosynthetic pathway whereas in Europe all croplands were assigned 
the C
3 photosynthetic pathway. Obviously, this is not the case and there is bound to be 
misclassification which would introduce errors in the MTCIGPP models output. This 
limitation notwithstanding, the GPP predictions from the MTCIGPP models for 
croplands were shown to closely match those from in-situ eddy covariance flux tower 
measurements. With the availability of a better C
3/C
4 vegetation cover map, the 
performance of the model would be expected to improve.  
 
A second source of limitation in the modelling exercise is the coarse spatial resolution 
for some of the meteorological datasets used. For example, the PAR data over Europe 
was resampled from a reanalysis data at 0.75° by 0.75° spatial resolution. Such coarse 
spatial resolution data would inevitably reduce the models ability capture local 
dynamics which could be important in influencing gross primary productivity of an 
area. A third source of limitation of the model was the lack of accounting for effects of 
soil moisture in the MTCIGPP model’s formulation. It was observed that these led to 
the model performing less favourably in ecosystems with rain driven productivity.   
 
7.6. Conclusions 
 
In this chapter a new model that exploits the distinction between the intrinsic quantum 
yield of photosynthetic pathways of vegetation (i.e. C
3 and C
4) and remote sensing data 
to estimate gross primary productivity (GPP) at large spatial scales was presented. The 
results from the proposed model (i.e. MTCIGPP model) were then evaluated against in-
situ GPP measurements from various flux tower sites in the USA and Europe. 
Furthermore the GPP output from the MTCIGPP model was compared to an operational 
GPP product (i.e. the MOD17 GPP product) at both at flux tower scale and continental 
scales. 
 
At local scale, the proposed MTCIGPP model predicted GPP values that were 
comparable to in-situ GPP values measured through eddy covariance at various flux 
tower sites across USA and Europe. Apart from two mediterranean sites (i.e. the 
Donaldson evergreen needleleaf forest site in USA, and Vall d’ Alinya grassland site in 
Europe), the MTCIGPP model predicted GPP values that had a strong positive 
correlation with in-situ GPP measurements and low root mean square error values. The 
fact that the MTCIGPP model performed well in predicting GPP for the major biomes in 
the two regions (i.e. deciduous broadleaf forests, temperate and boreal evergreen 
needleleaf forests, and croplands) indicates that the model can accurately be used to Booker Ouma Ogutu    Development of a new PEM model 
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predict GPP for these regions.  Comparing the GPP predicted by the MTCIGPP model 
and GPP from the operational MOD17 GPP product at various eddy covariance flux 
tower sites across USA and Europe revealed that it performed comparably to the 
MOD17 GPP product and in some biomes (e.g. croplands) it performed better than the 
MOD17 GPP product.  
 
Evaluation of the sensitivity of the MTCIGPP model to the input variables showed that 
in most biomes, the model’s GPP output was influenced in equal proportions by input 
variables (i.e. PAR, temperature and MTCI index). This co-influence of the MTCIGPP 
models output by the input variables captures the acclimation of vegetation’s 
physiological conditions (e.g. photosynthetic rates) to their local environments.  
 
Analysis of the spatial characteristics of the GPP values predicted by the MTCIGPP 
model at continental scales (i.e. across USA and Europe) revealed that the model was 
able to predict GPP spatial pattern that have been reported in literature across the two 
continents. In USA, the MTCIGPP model was able to predict high productivity in the 
eastern parts and the pacific coast of USA and low productivity in the western parts of 
USA which has been reported in literature (e.g. Running et al., 2004; Wang et al., 
2011). In Europe, the MTCIGPP model predicted high productivity for croplands and 
forested zones in the region between latitude 40°-50°N, low productivity in the 
northern boreal forests and intermediate productivity in the Iberian Peninsula. This 
spatial pattern of productivity over Europe has been reported in other studies (e.g. 
Jung et al., 2008). Comparison of the spatial variability of GPP predicted by the 
MTCIGPP model and those from the MOD17GPP product revealed similarities and 
disparities. In the two continents, both the MTCIGPP model and MOD17GPP product 
predicted high GPP in regions of covered by forests. The main difference between the 
two models was experienced in the regions covered by croplands and grasslands. 
While MOD17 GPP product had predicted these regions as having intermediate and low 
GPP productivity respectively, the MTCIGPP model showed that these regions had high 
and intermediate productivity respectively. Having evaluated the mean annual 
productivity of the cropland biomes against forest biomes using in-situ GPP 
measurements from flux tower sites, it was concluded that indeed the cropland have 
high mean annual gross primary productivity equivalent to or at times higher than the 
forests. Therefore, the spatial variability of GPP prediction by the MTCIGPP model for 
this biome was considered representative of the in-situ data than those from the 
MOD17 GPP product.  
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In conclusion, the proposed MTCIGPP model produced plausible results in most of the 
evaluated biomes. With improvements, especially in the classification of vegetation into 
C
3 and C
4, the model is expected to perform even better. There are several advantages 
of this model. Foremost, it requires vegetation to be classified only into two categories 
(i.e. as either C
3 or C
4). This eliminates the need for a detailed vegetation classification 
map (.e. species specific maps) hence making the model more generally applicable. 
Second, the model only prescribes two quantum yield terms (i.e. quantum yield for C
3 
and C
4) which removes the need for prescribing species specific light use efficiency 
term as is often the case in most existing production efficiency models. This makes the 
implementation of the model simpler. Thirdly, the model uses a vegetation index (i.e. 
MTCI) that was shown to be more linearly related to the amount of photosynthetic 
active radiation (PAR) absorbed by the photosynthetic elements in the canopy (i.e. 
chlorophyll) due to its ability to track chlorophyll content of the canopy. This is 
important as most of the existing FAPAR products have been shown not to account for 
PAR absorbed by non-photosynthetic elements of the canopy which would lead to 
overestimation of the actual PAR used in photosynthesis. Since the MTCIGPP model was 
applied only to two continents, further research is recommended to make the model 
operational at global scales.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 Booker Ouma Ogutu    Summary and future work 
  208   
Chapter 8 Summary and Future work 
 
8.1. Summary of Findings 
 
This chapter summarises the main findings of the thesis and suggests areas of future 
work. The summary is presented in chronological manner following from the research 
objectives listed in chapter 1.  
 
Chapter 3 of this thesis investigated the accuracy of operational leaf area index (LAI) 
and the fraction of absorbed photosynthetic active radiation (FAPAR) products derived 
from medium spatial resolution remote sensing data in predicting the in-situ 
measurements over a deciduous broadleaf forest in southern England, UK. The aim of 
this investigation was to identify how disparities in the definition and derivation 
approach of the same variable impacts on the accuracy of these products. The LAI and 
FAPAR products investigated included: the MODIS LAI/FAPAR product (Knyazikhin et 
al., 1998; Myneni et al., 2002), MERIS-MGVI product (Gobron et al., 2002), CYCLOPES 
FAPAR/LAI product (Baret et al., 2007), GLOBCARBON LAI/FAPAR product (Deng et al., 
2006), and the Neural Networks-MERIS algorithm (Baret et al., 2007; Bacour et al., 
2006). The in-situ LAI field measurements were undertaken using the TRAC device 
(Chen and Cihlar, 1995) six times during the year 2009 growing season. Overall, all the 
FAPAR/LAI products predicted the seasonal variation of in-situ LAI and FAPAR 
measurements of the study site relatively well (i.e. they all predicted an increase in LAI 
and FAPAR in spring, maximum values in the summer and reductions in autumn). 
However, there were differences between the predictions of the absolute values of LAI 
and FAPAR by the algorithms and in-situ measurements. For the LAI comparisons, the 
MODIS LAI product predicted high LAI values throughout the growing season whereas 
the GLOBCARBON product was higher than in-situ measurements during the summer 
months. The NN-MERIS was closest to the in-situ LAI measurements whereas the 
CYCLOPES LAI product underestimated LAI especially during the summer season. The 
NN-MERIS and the CYCLOPES LAI were closely matched (RMSE = 0.45), whereas the 
MODIS LAI was closely matched with the GLOBCARBON LAI product (RMSE=0.95). The 
differences between the LAI products were explained by the variation in the 
approaches used in the various algorithms to derive the final LAI product. Products 
which corrected for foliar clumping (i.e. the MODIS and GLOBCARBON products) had 
similar output and those which did not correct for clumping (i.e. CYCLOPES product 
and NN-MERIS algorithm) also had similar output. Evaluation of these products against 
in-situ LAI measurements revealed that indeed the products which corrected for 
clumping (e.g. the MODIS and GLOBCARBON products) were more closely matched with Booker Ouma Ogutu    Summary and future work 
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in-situ actual LAI measurements while those products which did not correct for 
clumping (e.g. the CYCLOPES product and NN-MERIS algorithm) were more closely 
matched with the effective LAI. This difference calls for harmonization of the approach 
for deriving LAI values, with preference being given to ensuring that the actual, as 
opposed to effective, LAI is being derived by these products. Analysis of the FAPAR 
products showed similarities and disparities between the products and the in-situ 
FAPAR measurements. The MODIS FAPAR products overestimated in-situ FAPAR 
measurements hence having the highest relative error (RE =27%), while the MGVI 
predicted FAPAR values which were more closely correlated with the in-situ FAPAR 
measurements and hence had the least relative error(RE = 15.82%). In terms of product 
comparison, the MGVI and CYCLOPES FAPAR products had the best correlation (R
2 = 
0.71), while the MODIS FAPAR product was best correlated with the GLOBCARBON 
product (R
2 = 0.64). The differences in the products comparability was attributed to 
differences in their respective definitions and derivation procedures. It was observed 
that those products that estimate FAPAR for the whole canopy (e.g. GLOBCARBON and 
MODIS products) predicted similar FAPAR values, which were higher than the FAPAR 
values from those products that estimated FAPAR for the green leaf (e.g. MGVI and 
CYCLOPES products). Overall, by nature of their design, none of the FAPAR products 
corrected for PAR absorbed by non-photosynthetic elements in the canopy (e.g. leaves 
cell wall , leaf veins, stems, and branches) which would result in overestimation of the 
actual PAR utilised in photosynthesis.  
 
In chapter 4, the accuracy of three production efficiency models [(i.e. MOD17 GPP 
product (Running et al., 2000; Running et al., 2004), C-Fix (Veroustraete et al., 2002) 
and Carnegie-CASA models (Potter et al., 1993; van der Werf et al., 2003)] in 
simulating gross primary productivity (GPP) across various biomes in conterminous 
USA was investigated. The aim of this work was to evaluate how structural differences 
in these models influenced their performance. The performances of the models in 
predicting GPP of various biomes were varied. The three models were in closer 
agreement (i.e. had low RMSE and high positive R
2) in their prediction of GPP for 
biomes located in the temperate climatic zones than for biomes located in 
mediterranean zones. In temperate sites, vegetation productivity is mainly driven by 
light (PAR) and temperature whereas in the mediterranean sites evaluated, soil 
moisture/precipitation also plays a vital limiting role in productivity. All three models 
incorporated temperature and PAR components in their design and hence predicted 
comparable GPP in temperate biomes. On the other hand the version of the C-Fix 
model evaluated does not account for soil moisture while the Carnegie-CASA model 
explicitly incorporates soil moisture in its design whilst MOD17 GPP uses vapour 
pressure deficit as a proxy for soil moisture. This implies that the CASA model and the Booker Ouma Ogutu    Summary and future work 
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MOD17 model would perform better at predicting water-limiting productivity such as 
those of mediterranean ecosystems. Indeed the two models produced GPP values 
closer to the in-situ measurements than the C-Fix model at the evaluated 
mediterranean site. In terms of biome specific performance of the models, the greatest 
influence on the GPP output from each model was the light use efficiency (LUE) term 
for each biome prescribed by the models. It was found that the closer the LUE value 
prescribed in the model to the field estimated LUE value for a particular biome, the 
better the model’s prediction of GPP. These findings imply that it is essential to take 
into account all the key factors that influence productivity in the design of a terrestrial 
ecosystem productivity model as the structural differences in these models would lead 
to variability in their results. 
 
In chapter 5, the influence of using different FAPAR datasets (i.e. MODIS FAPAR; 
Knyazikhin et al., 1998; Myneni et al., 2002 and CYCLOPES FAPAR; Baret et al., 2007) 
on the output from a production efficiency model (i.e. Carnegie-CASA) was 
investigated. The two FAPAR products were found to predict slightly different FAPAR 
values over the deciduous broadleaf forest site evaluated in chapter 3. Therefore, the 
aim of this work was to highlight how these differences in the products would impact 
on the accuracy of the GPP predicted by a PEM model. The CYCLOPES FAPAR product 
derives FAPAR of green leaves in the canopy while the MODIS FAPAR product derives 
FAPAR for the whole canopy. Both products provide canopy FAPAR rather than PAR 
absorbed by photosynthetic elements of the canopy (i.e. FAPAR
chlorophyll). This is likely to 
increase the actual FAPAR used in photosynthesis as only PAR absorbed by 
photosynthetic components of the canopy is utilised in productivity. The results from 
this analysis showed that with the exception of croplands, the use of the two FAPAR 
products resulted in overestimation of in-situ GPP values at most of the evaluated 
biomes. The means of the GPP values derived using the two FAPAR products were 
found to be significantly different (p<0.05, t-test) from the mean of in-situ GPP 
measurements at most of the analysed sites. Since the light use efficiency value used 
in the CASA model was representative of the mean LUE of each of the analysed biome, 
the overestimation of GPP by the model was attributed to error propagation from the 
overestimation of FAPAR utilised in photosynthesis by the two FAPAR products. 
Comparison of the performance of the two FAPAR products showed that the CYCLOPES 
FAPAR product resulted in GPP values that were closer (low RMSE values) to the in-situ 
GPP measurements than the MODIS-FAPAR product. The CYCLOPES FAPAR product 
derives FAPAR values for green leaves (Weiss et al., 2007) which would be closer to the 
FAPAR absorbed by the photosynthetic components of the canopy than the MODIS 
FAPAR which derives FAPAR for the whole canopy (Knyazikhin et al., 1998; Myneni et 
al., 2002; Weiss et al., 2007). Indeed it was shown in chapter 6 that the CYCLOPES Booker Ouma Ogutu    Summary and future work 
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FAPAR was closer to the PAR absorbed by photosynthetic elements of the canopy than 
the MODIS FAPAR product. These findings reinforce the need to accurately derive only 
PAR absorbed by chlorophyll as errors in its representation would propagate in the 
ecosystem productivity models that use these products.  
 
In chapter 6, three components of FAPAR (i.e. FAPAR
canopy, FAPAR 
leaf and FAPAR
chlorophyll) 
were derived using model data from a biophysical radiative transfer model (i.e. 
PROSAIL-2 model: Jacquemoud and Baret, 1990; Braswell et al., 1996; Feret et al., 
2008; Zhang et al., 2005) following the methodology proposed by Braswell et al., 
(1996) and Zhang et al., (2005). These components of FAPAR were then compared with 
two sets of vegetation indices: (1) broad-band vegetation indices (i.e. NDVI; Rouse et 
al., 1973 and EVI Huete et al., 2002 and (2) red-edge based vegetation indices (i.e. 
MTCI; Dash and Curran, 2004 and CIred-edge; Gitelson et al., 2005) derived using 
reflectance data from the model output. It was hypothesised that the red-edge based 
indices would be more linearly related to the FAPAR
chlorophyll than the broad-band indices. 
This hypothesis was based on the fact that it has been shown that the red-edge based 
indices are more suited at tracking canopy chlorophyll content than the broad-band 
indices. As expected, the FAPAR
canopy calculated from the model data was higher than 
the FAPAR 
leaf and the FAPAR
leaf was higher than the FAPAR
chlorophyll. The results from the 
relationship between the components of the FAPAR and the vegetation indices 
indicated that the red edge based indices were more linearly related to the FAPAR
chlorophyll 
while the broad-band indices were more linearly related to the FAPAR
leaf. Both sets of 
indices were non-linearly related to the FAPAR
canopy. In the second part of this chapter, 
PAR absorbed by canopy chlorophyll (Fchl) was derived through an inversion approach 
proposed by Hanan et al., (2002). The inversion approach was implemented on in-situ 
net ecosystem exchange (NEE) data from two flux tower sites in USA representing two 
plant functional types (i.e. a maize cropland and a deciduous broadleaf forest). This 
Fchl was then related to two operational vegetation indices (i.e. MTCI and EVI) derived 
from satellite data and also compared with two operational FAPAR products (i.e. MODIS 
and CYCLOPES FAPAR products). At both sites the MTCI was better correlated to the 
Fchl than the EVI confirming the earlier finding that the red-edge based indices are 
better at representing PAR absorbed by canopy chlorophyll than the broad-band 
indices. The comparison of the Fchl with two operational FAPAR products over two 
sites revealed site specific differences. Both products predicted FAPAR values that were 
higher than the Fchl. However, the CYCLOPES FAPAR which calculates FAPAR of green 
leaves was better correlated to Fchl than the MODIS FAPAR which calculates FAPAR for 
the whole canopy. An additional interesting observation was made between the two 
sites, that is, the Fchl was found to be better correlated with the two operational FAPAR 
products in the maize cropland site than at the forest site. The suggested explanation Booker Ouma Ogutu    Summary and future work 
  212   
for this was that the maize cropland has low amounts of non-photosynthetic elements 
in its canopy (e.g. stem and branches) compared to the forest’s canopy. Therefore, the 
lack of influence of non-photosynthetic component in the canopy in the maize 
cropland made the FAPAR derived by the MODIS and CYCLOPES algorithms converge 
towards the values of Fchl. 
 In the forest site, the abundance of non-photosynthetic 
elements in the canopy makes the FAPAR predicted by the two algorithms deviate from 
the values of Fchl. To summarise, this chapter indicated that the red-edge based 
vegetation indices such as MTCI are better suited as a proxy to the fraction of PAR 
absorbed by canopy chlorophyll
 and are hence good candidates for deriving or 
representing FAPAR
chlorophyll in ecosystem productivity modelling.  
 
In chapter 7, a new diagnostic model (i.e. the MTCIGPP model) to derive terrestrial 
ecosystem gross primary productivity which exploits the concept of the existence of 
distinct intrinsic quantum yields between C
3 and C
4 plants and remote sensing data 
was developed. The model was based on the information gained from the work 
undertaken in chapter 6 on the relationship between the Fchl/FAPAR
chlorophyll and 
vegetation indices. Since the MTCI was shown to be more linearly related to PAR 
absorbed by canopy chlorophyll it was used to represent the Fchl component in the 
design of the new model. The output from the model was validated using data from 
several eddy covariance flux tower sites in USA and Europe. In addition, the 
performance of the model was compared with that of the operational MOD17 GPP 
product. The developed MTCIGPP model predicted GPP values which were comparable 
to the in-situ GPP measurements in most of the analysed biomes. The GPP predictions 
were also comparable to those from the MOD17 GPP product and in some biomes (e.g. 
croplands) better than the MOD17GPP product. The analysis of the spatial 
representation of the GPP predicted by the MTCIGPP model over USA and Europe 
showed that the model predicted spatial pattern of GPP in the two continents which 
has been reported in previous studies (e.g. Running et al., 2004; Jung et al., 2008; Xiao 
et al., 2011;Wang et al., 2011 ). Evaluation of the influence of the input variables on 
the MTCIGPP model’s performance showed that the model was positively influenced by 
the key input variables (i.e. PAR, temperature and MTCI). Overall, the good 
performance of the MTCIGPP model makes it a valuable tool for diagnostic assessment 
of gross primary productivity of terrestrial ecosystems. There are several advantages of 
the new MTCIGPP model. Firstly, it requires vegetation to be classified into two 
categories (i.e. as either C
3 or C
4). This eliminates the need for a detailed vegetation 
classification map (i.e. species specific maps) hence making the model more generally 
applicable. Second, the model only prescribes two quantum yield terms (i.e. quantum 
yield for C
3 and C
4). This removes the need for prescribing species specific light use 
efficiency term as is often the case in most existing production efficiency models Booker Ouma Ogutu    Summary and future work 
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making implementation of the model simpler. Thirdly, the model uses a vegetation 
index (i.e. MTCI) that was shown to be more linearly related to the amount of 
photosynthetic active radiation (PAR) absorbed by the photosynthetic elements in the 
canopy (i.e. chlorophyll). This is important as most of the existing FAPAR products 
have been shown not to correct for the contribution of non-photosynthetic elements of 
the canopy in their FAPAR estimates which would lead to overestimation of the actual 
PAR used in photosynthesis as was observed in chapter 6. 
 
8.2. Future Work 
 
A number of lessons were learnt during the research from which a number of 
recommendations for future work can be proposed. The recommendations are broadly 
aimed at improving FAPAR estimation, especially the fraction of PAR absorbed by 
photosynthetic components of the canopy and improvement of the new MTCIGPP 
model. The recommendations are divided into the following sections: global inter 
comparison of FAPAR products, improvement of the characterisation of chlorophyll in 
radiative transfer models, laboratory based research to quantify PAR absorbed by 
canopy chlorophyll (Fchl), and improvements on the MTCIGPP model. 
 
8.2.1. Global inter comparison of FAPAR/LAI products 
 
A number of initiatives have been undertaken to compare and validate FAPAR/LAI 
products derived from remotely sensed data (e.g. Canisius et al., 2010; McCallum et 
al., 2010; Seixas et al., 2009; Garrigues et al., 2008; Weiss et al., 2007; Pisek and 
Chen, 2007; Bacour et al., 2006; Gobron et al., 2006; Wang et al., 2004; Fensholt et 
al., 2004; Tian et al., 2002). However, most of these validation exercises are generally 
restricted to few sites or limited to an area (Weiss et al., 2007). Moreover most of these 
validation exercises have been undertaken as a one-off field campaign mostly during 
the peak growing seasons (Weiss et al., 2007). Few studies have undertaken season-
long in-situ data collection but it was shown in the present study that the accuracy of 
these products can vary greatly between seasons. Therefore, it is recommended that 
more season-long studies should be undertaken at various sites across the globe to 
fully characterise the accuracy of these products across different growing seasons. 
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8.2.2. Characterisation of the influence of chlorophyll content in the 
radiative transfer models 
 
During the process of generating model data using the PROSAIL-2 radiative transfer 
model, it was observed that the two dimensional model was not robust at tracking 
changes in reflectance due to variation in the levels of leaf chlorophyll. It seems that 
the model was optimized for specific leaf chlorophyll content and varying this input 
resulted in little changes in the reflectance data generated by the model. Therefore, it 
is recommended that future work in this area should implement a more robust 
geometric and hybrid models (e.g. the Forest LIGHT (FLIGHT) model, North, 1996; 
Discrete Anisotropic Radiative Transfer (DART) model; Gastellu-Etchegorry et al., 2009) 
which describes canopy architecture and conditions more accurately. It is envisaged 
that use of these models may result in data that tracks changes in reflectance due to 
changes in canopy chlorophyll content better than the two-dimensional models hence 
providing robust data that can be used to derive the various components of FAPAR (i.e. 
FAPAR
canopy, FAPAR
leaf and FAPAR
chlorophyll). 
 
8.2.3. Laboratory experiment to determine PAR absorbed by canopy 
chlorophyll (Fchl) 
 
On top of using the radiative transfer models to generate data to calculate the 
components of FAPAR, it is recommended that a laboratory experiment could be set up 
to determine the amount of PAR absorbed by canopy chlorophyll. One approach could 
be to follow the method proposed by Serrano et al., (2000), whereby a synthetic 
canopy is constructed in a laboratory with various numbers of green leaves and non-
green leaves. In the experiment, the leaves can be placed side by side in an integrating 
sphere where light is provided by an artificial source. The measurement of the light 
absorbance is then undertaken by using a Spectroradiometer. After taking the 
Spectroradiometer measurements, a new set of leaves/canopy are placed in the 
integrating sphere (i.e. with varying levels of green and non-green leaves) and new 
absorbance measurements undertaken. The experiment is then repeated for a number 
of canopy scenarios.  After undertaking the Spectroradiometer measurements, the 
chlorophyll concentration in the leaves can then be determined using solvent 
extraction method (e.g. use of Dimethylformamide) or by using spectrophotometric 
determination methods (Moran and Porath 1980). Chlorophyll content per individual 
synthetic canopy is then estimated by summing the chlorophyll content of all leaves (a 
function of concentration and leaf area index). This is done for all the canopy 
scenarios. The difference between measurements of absorbed PAR in different canopy Booker Ouma Ogutu    Summary and future work 
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scenarios can then be related to the differences in the canopy chlorophyll contents. 
Subsequently, these differences can be used to calculate the fraction of PAR absorbed 
by chlorophyll content (i.e. the Fchl). 
 
8.2.4. Improvements to the MTCIGPP model 
 
Even though the MTCIGPP model was shown to perform relatively well in predicting GPP 
of various biomes, a number of improvements are suggested: 
 
•  At the moment the model does not include the limitation of soil moisture to 
primary productivity. As was demonstrated in chapter 4 and reported in chapter 
7, this led to the model performing less favourably in regions where water 
limits productivity. Therefore, it is recommended that an additional water stress 
component be included in the future versions of the model. This can be done 
by exploring the use of vapour pressure deficit as implemented in the 
MOD17GPP model (Running et al., 2000; 2004) or the use of various indices 
that have been developed to represent water stress such as: the moisture stress 
index (MSI; Hunt and Rock, 1989); the normalised difference water index 
(NDWI; Gao, 1996), and the land surface water index (LSWI: Xiao et al., 2002).  
 
•  Another area of possible improvement in the model is the representation of the 
C
3/C
4 vegetation types. A new global land cover map needs to be developed 
that characterises the proportions of C
3 and C
4 plants accurately and at a high 
spatial resolution. This map would not only improve the performance of the 
model, but also enable the model to be applied at global scales.  
 
•  Since the MTCIGPP model was validated only in temperate and mediterranean 
regions, it is recommended that more validation exercises be undertaken in 
other climatic zones such as the tropics to ascertain the models accuracy in 
predicting GPP in these regions. This would give vital information on the 
model’s applicability across the globe.  
 
•  Finally, future research should explore the possibility of operational 
implementation of the MTCIGPP model using data from existing and future 
sensors (e.g. the Sentinel sensors to be launched by the European Space 
Agency (ESA).  
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